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(2) C l u s t e r i ng  a l g o r i t h m s  fo r  use In t h e  development  of s et s  of
re ference ’  p a t t e r n s  fo r  speaker— f ndep eode ’ n I word  re og n i t i o n .

(3) A u t o m a t i c  en ro l b lent f o r  sp c a k e r — d e f l e n d e - n  t , ColInic t e d—word
recogn i t ion  f o r  s y n t a c t i c a l  i v  u l i c u n s t r a i l ied word  ‘:e’qu e ’n l - es of 20 words .

T h e  p r o g r am  c u l m i n a t e d  in the I us I al I - I t  100 1) t he speaker— independent ,
c o n n e c t e d — d i g i t  recogn i t  ion p r o g ram  ~~Il t i l e  Base and In s  to i i  a L ion  Se c u r i  t v
Sy s t e m ’ s advan ced  d e v e l o p m en t  model  speak ’r ye r i f  i ea L i on  sys t orn
at RADC .

The s p e a k e r —  i n d e p e n d e n t , ( ‘ oIIne( Led— d I g i L  recogni  t ion  p o r t i o n  of
th i s  s t u d y r l ’ s u l l I ’ d  in  a si g n i f i ’ .- I n t l y f a s ter  al g or i  111111 w i  t i l  a
50—p e ’rc en t d e c r & ’ , t s c ’  in er r o r  r It e  I v ’ r  t il l’  ( ‘ (Iur ;e ‘) f t h i s  s t u d y — f r o m
9 . 5  percent  11) 4 . 7  percen t on an e va lu a t i on  d o t ;  i-OPt of 10 s i x — d i g i t
sequences f r o m  106 speakers  (64 moles , 42 f e m a l e s ) .

The deve lopmen t  of the c l u s te r i n g  al g o r i t h m  r e s u l  t ed ifl a I w o — s t a g e ,
f o u r — p a t h  a l g o r i t h m  w i t h  t i le’  mechan i sms  fo r  d e t e c t i n g  o l i t l y i n g  da t a
po in t s  in the’ design d a t a  and w i t h  subsequen t  ana ly s i s  r o u t i n e s  for
c o m p a r i n g  t i l l ’  r e s u l t s  f r o m  the various p a t h s  O ld II ;; t lug t i le  vo l Id i ty
of r e s u l t i n g  c l u s t e r s  on t i l e ’  basis  o f  c o a lp a r i s o l s w i t h  a p r i o r i
i n f o r m a t i o n  about  the des ign  d a ta  s o t .

The research i n t o  d e ve l o p m e n t  of  an a u t o m a t i c  e n r o l l m e n t  t e chnique
fo r  s p e a k e r — d ep e n d en t  word r ecogn i t ion  r o s u i  ted in a me thod t h a t
y I t ’  I ded ve ry good r e s u l t s  fo r  iso] ;l ted  wo rd rio-ego lIIoii 101 less
a c c e p t a b l e  r e s u l t s  when used in con t i nuous  sp eecil  f r o m  t i e -  s-isle
speake r .  TiIC bet  Icr r e su l t s  ac h i e ved  w I t i l  comp a r ai l  le hand en ro l  I ments
~O I  l it  to the  need fo r  c o n t i n u e d  dove l oprne n t  I l l  .1 uto ma ted in  r I ]  Im e n t ,
and t h e  d e s i r ab i l i t y  of an i n t e r i m  so lu t ion  of ;i s em la u t o mat ed
en  rId I men t p r o i - e ’d  ore a l l owin g the  l)pI _? ra Il) r I h I -  lIf I  l i o n  o mod i fy fog
r c f e r e ’n c e— p o in  t l o c a t i o n s  and  recoglu l i o n — p a t t I m  1, lr mf l  I d e f i nit i o n s
d e f i n e d  h i  an a u t o m a t e d  f r o n t  ( ‘nd.  In d e p en d e n t  a l  tb1 en r o l l m e n t
me t hu d , howeve r , t h e  hone ’ f i t  of  re f e r & ’n  io’ f i l e  upda t i u g  as a means
of accommodating con tex tua l v a r i a b i l i t y,  as wel l  as intersessioi~ variabil i ty,
was abund an t l y clear.
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EVALUATION

The objective of this program was to develop techniques

and algorithms to extend highly reliable speaker—dependent isolated

word recognition to speaker—dependent continuous word recognition

and study the methodology for speaker—independen t continuous

speech recognition .

A hardware/software implementation of a real—time continuous

speech recognition system was fabricated by Texas Instruments (TI).

This system was extensively tested and modified to incorporate the

results of the tests and a continual upgrade of the system took

place over the life of the contract. TI based their real—time

speech recognition system on techniques they developed for automatic

speaker verification and the Total Voice Verification program

which used a restricted connected digit capability.

The speaker—independent , connected digit performance resulted

in 95.3 percen t recognition accuracy on a data set consisting of

10 six—digit sequences from 106 speakers (64 males and 42 females).

The capability that TI has developed under subject program

has been installed at RADC for further test and evaluation . The

RADC tests shall attemp t to establish the effectiveness of the

cu rren t s ta te—of— the—art connec ted speech system as to its

applicability to operational military requirements.
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SECTION I
INTRODUCTION

This final report covers the research done on a limited-vocabulary continuous word
recognition study un dertaken by Texas Instruments.  This effort was divided into two prirnary
areas of investigation: extension of speaker-dependent isolated word recognition to speaker-
dependent continuous word recognition , and the study of speaker-independent continuous speech
recognition.

Speaker-dependent isolated word recognition is curr entl y be in g used for applications such
as map data entry . Extension to speaker-dependent continuous word recognition is a more
natural one for the time normalization techniques used at Texas Instruments (described in
Section II) than the type that depends on locating endpoints of words , which may not even exist
[ e.g., when phonemes are share d (/sf in six-seven) between word s in continuous speechj .
Speaker-dependent word recognition uses speaker-dependent reference patterns obtained in a
singl e enrollment session. A method of automatic enrollment and supervised updating to
accommodate intersession variations and context dependencies were investi gated during this
st udy -

For many years , the approach to the problem of speaker-independent recognition of
continuous speech has been a heuristically directed search for the correct features and wei ghtings
for the hierarchical classification of a set of symbol strings , mapping ultimately into an
English-language transcription. The emphasis has been on getting out of the acoustic and into the
phonemic domain as quickly as possible because of the huge memory requirements for storing
acoustic data for large vocabularies. Since the heuristics were often based on the researcher ’s
judgment , derived from often insufficient data , the consequent mislabe lings had to he corrected
with progressively more complex classification algo rithms. Design and testing using small data
bases , along with the use of phone m ic representations of speech have resulted not only from
memory limitations but also from the Jack of techniques in speech for dealing wi th very large
amounts of data. Within the last few years , however , work on such techniques has begun to
appear. During the Total Voice Speaker Verificat ion study, ’ performed by Texas Instruments
under RADC sponsorship, a clustering algorithm was developed and used to produce a set of
s p e a k e r - i n d e p e n d e n t  reference patterns for use in speaker-independent , connected-digit
recognition. The current study then concentrated on two tasks for speaker-independent ,
continuous-speech recognition. One task was to determine the perfo rmance that could be
achieved on speaker-independent , connected-digit recognition using the previously developed
refe rence patterns by making improvements to the word recognition algorithm. The other task
was to investigate improvements that could be made to the clustering algorithm for the purpose
of finding better partitions of the design data set.

Section II of this report reviews the speech technology used at Texas Instruments and
covers an improved directed graph searching algorithm developed during this contract. Section III
covers an automated enrollment method for speaker-dependent, connected-word recognition and
the role of reference-pattern updating. Section IV describes the application of clustering to
speaker-independent reference-pattern generation and covers the algorithm extensions developed

‘ R.L. Davi s, B .M . Hydrick , and G.R. Doddington, “Total Voice Speaker Verification,” Rome Air Development
Center Technical Report , RADC-TR-78.260, Jan uary 1978.
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during this contract. Section V covers several general-purpose speech-processing capabilities that
center on the use of direct speech input/output (I/O) to a fast array processor. The experimental
results for both the extensive testing perfor m ed for speaker-independent , connected-digit recogni-
tion and the more limited testing done for speaker-dependent , continuous-speech recognition are
covered in Section VI. Conclusions and recommendations are made in Section VII.
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SECTION II
CONTINUOUS SPEECH R ECOGNITION

Du r i n g  the rel a ti vel y shor t hist ory of continuous speec h recogni t ion work , the
classification schemes have used a feature abstraction process from the speech waveform followed
by a hierarchical classifier. The level of abstraction varied from features of the waveform itself to
symbol  representat ions (phonemes) requiring highly sophisticated classification techniques in
order to compensate for segmentation amid labeling errors. The classification complexi ty  generally
was proportional to t h e  level of abstraction. Martin 2 shows a tree (Figure 1) of feature
abstraction levels.

The usual  a rgumen t  for using a symbol is that it offers a more compact representation of
words and , hence, growth in the memory requirement is not so dramat ic  wi th  increase in
vocabulary size. However , as R edd y 3 points  out , good sigtial-to-symbol transfo rmation techniques
currently do not exist , causing size increases in the lexicons and the algorithms , not only to
account for  context , dialect , and idolect variations , hut  also to account for mislabeled acoustic
eve nt s.

Therefore , refer ence-pat tern matching in the signal domain has the advantage of not having
to accommodate feature abstrac tion errors. Three crucial problems are involved , however:
selection of the speech representa tion , time nor m alization of the speech signal for matching with
r ct~,r ence patterns , and selection of the reference patterns themselves. The first two of these
topics are discussed in the remainder of this section and the reference-pattern selection is the
subject of the m ore extended discussions in Sections Il l  and [V.

A. SPEECH REPRESENTATION

The specific speech representation used in this study was the output of a I 6-channel
digita l filter hank preceded b y a first-order differencing network (fo r preemphasis). Each of the
bandpass filters k a two-section , cascaded , second-order Bessel fil ter followed by a rectifier and a
Iowpass f i l ter  sampled every 10 milliseconds (ms) . Center frequencies and bandwidths for the 16
filters are given in Table I .

An important  consideration is the choice of wide-bandwidth filters that locate spectral
peaks hut that avoid resolving the voice fundamental  and its harmonics. Note that the center
frequencies for filters 14 through 1 6 lie in the part of the spectrum primarily occupied by
energy only during fricatives. The exception is the third fo rmant for the vowel lu for m ales and
for all the front vowels for females . Since no preci se resolution of the frequency location ;~
possible with the wide-bandwidth filters , the only interest is the presence or absence of a third
formant ( in  which case other formants would also exist in lower filters ) or the presence or absence
of energ y anywhere in the frequency hand of the top three filters without lower frequency energies.
In order to compact the fil ter bank representation , the top three filters were added into one
value , w i thou t  averaging because of the depressed amplitudes , yielding a 1 4-element vector to
represent the speech spectrum:

2 T.B. Martin , “Acoustic Recognition of a Limited Vocabulary in Continuous Speech ,” Ph.D. Dissertation ,
University of Pennsylvania , 1970.

3D .R. Reddy , “Speech Recognition by Machine : A Review ,” Proceedings of the IEEE, 64:50l - 531 ,
April 1976.
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(aiu3 )

a 2 (t ~)

a Mi a l4 ( tJ )

This 1 4-element vector is regressed (Appendix A) using a sine and a cosine basis function to
eliminate gross aspects of the spectrum and to flatten the spectrum . The two regression
coefficients , c , and c 2 , along with a measure of the energy in filters 2 through 13 (vowel
energy), are concatenated to the 14 regressed filter outputs. All elements except the energy are
then normalized and quantized to one of e ight equiprobable values , resulting in a speech
representation such as that shown in Figure 2 for the word “seven. ” The form shown in Figure 2
is used throughout the remainder of this report. The values of the normalized , quantized a1~ and
the two regression coefficients are indicated by the density of the printed symbols according to
the following:

Value : 0 I 2 3 4 S 6 7
Symbol: blank , 

“ + = 0 B $

At this point the energy is not quantized : however , it is always used relative to other energies
and the relative value is then quant ized. Further detail of the speech representation can be found
in the Total Voice Speaker Verification study final report. ’

TABLE I. CHAR ACTERISTICS OF 16-CHANNEL FILTER BAN K

Center Frequency Bandwidth
Filter (H z) (Hz , at —6 dB)

280 2 50
2 395 280
3 525 310
4 630 340
5 750 360
6 900 360
7 1080 360
8 1265 365
9 1480 365

10 1725 365
I I  1985 365
12 2285 360
13 2640 365
14 3 150 625
I S 3720 635
16 4235 635
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Figure 2. Quantized Spectral Speech Representation

B. TIME NORMALIZATION

One of the basic problems in speech processing is time alignment of the speech waveform
with respect to a reference. For example , in the two spectrograms in Figure 3 for the word
“seven ,” the time diffe rences between corresponding ~ s (which denote phonemic boundari es) are
obvious.

Early work used linear time normalization of two patterns between endpoints of words,
and although this method improved recognition performance , it suffered from an inability to
deal with the nonlinear fluctuations between endpoints and to locate endpoints in continuous
speech reliably.

Two distinct approaches developed during the late I 960s and early I 970s. One approach
(most of the ARPA sponsored work: Reddy 3 ) was based on translating a string of input features
into a sequence of phonemic labels , a procedure dependent on accurate segmentation between
phonemes. Segmentation and labeling errors were then repaired by more sophisticated subsequent
processing using syntax , semantics , etc.

The other method approached the problem by a nonlinear warping of the time axis of a
feature waveform of the input speech to obtain maximum coincidence with a reference
waveform . This approach W4S used by both Doddington 4 and Sakoe and Chiha :5 however , the
latter ’s approach could be more easily represented in a form amenable to the use of d-:namic
programming, usefu l in easing the computation burden. This dynamic programming approach has

4G.R. Doddington , “A Method of Speaker Verification ,” Ph.D. Dissertation (Thesis), University of
Wisconsin , 1970.

5H. Sakoe and S. Chiba , “A Dynamic Programming Approach to Continuous Speech Recognition ,”
Proceeding s of the 7th International Congress on Acoustics, August 1971.
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been used by Velichko and Zagoruiko,6 ltakura,7 White and Neel y, 8 and Sakoe and Chiba ’8 in
isolated word recognition. Extension to continuous-word recognition has been done by Lowerre’°
on the 1-IARPY speech recognition system (also described briefly by White ” ), by Porter , ’2 and by
Nippon Electric Company in their DP- l 00 Connected Speech Recognition System.

The technique used at Texas Instruments is an amal gamation of these two method s and
was first used by Doddington ’3 in 1973. In this method , potential acoustic boundaries
(re ference points) are fi rst located in the input waveform . Reference points are combined into
optimal sequences for words in the vocabulary using a dynamic programming routine that uses a
measure of how reliably the reference points were located and that accounts for the deviations
t’rom expected time differences between reference points.

After SC~~ UCflCCS of potential reference points have been identified , the input waveforms are
interpolated linearly between reference points to form a time normalized representation of the
utterance. The relationship to the Sakoc/Chiba approach can be seen in Figure 4. Essential ly,
only those points along the path of the time warp that represent acoustic boundaries are found
(the o’s in Fi gure 4), and the linear interpolation is then performed between these reference
points. A piecewise linear , time-normalized , acoustic representation of the word (a “recognition
pattern ” ) is thus formed. A sample of the spectra l data portion of a recognition pattern being
extracted from input speech spectra is shown in Figure 5.

As an example of the choice of reference-point locations , the reference points (is) for the
digits are shown in Table 2 for the phonetic transcriptions of the general American dialect
pronunciations for the digits as found in Kenyon and Knott . ’4 These locations were chosen at
points that would exhibit  large spectral changes. The actual rules used in extracting recognition
patterns for the 10 digits are also specified in table 2 , where:

( I )  Initia l negative numbers indicate the columns for extrapolation before the first
re fe rence point

(2) In te rmedia te  numbers in parentheses indicate the number of columns for
interpolation between reference points

(3) The remaining numbers indicate columns for extrapolation after the last reference
point.

‘V.M. Velic hko and N.G. Zagoruiko , “Automatic Recognition of 200 Words,” Internation al Journa l
Man-Machine Studies , 2: 223 , June 1970.

7F . itakura , “Min imum Prediction Residual Principle Applied to Speech Recognition ,” IEEE Transactions on
Acoustics, Speech and Signal Processing, ASSP-23 :67— 72 , February 1975.86.M White and R.B. Neel y, “Speech Recognition Experiments With Linear Prediction , Bandpass Filtering,
and Dynamic Programming,” IEEE Transactions on Acoustics, Speech and Signal Processing, ASSP.24:183—188,
April 1976. -

‘H. Sakoe and S. Chiba , “Dynamic Programming Algorithm Optimization for Spoken Word Recognition ,”
lEE!:’ Transaction s on Acoustics. Speech and Signal Processing, ASSP.26:43- 49 , February l978 .

‘°B.T. Lowerre, “The HARPY Speech Recognition System ,” Ph.D. Dissertation (Thesis), Carnegie-Mellon
University, 1976.

“G.M. White , “Continuous Speech Recognition : Dynamic Programming, Knowledge Nets and HARPY ,”
Pape r 28- 2 , 1978 WE SCON Professional Program, September 1978.

‘2 J.E. Porter, “LISTEN: A System for Recognizing Connected Speech Over Small, Fixed Vocabularies in Real
Time , ” Nava l Training Equipment Center Technical Report , NAVT RAEQUIPCEN 77-C.0096-i , April 1978.

‘3 G.R. Doddington , “Speaker Verifi cation .” Rome Air Development Cente r Technica l Report , RADC-TR-
74.179 , April 1974.

“J.S. Kenyon and l.A. Knott , A Pronouncing Dictionary of American English, G . & C. Merriam Company
(Springfield , Massachusetts , 1 953).
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Figure 5. Example of Recognition Pattern Formation

At this point , the speech representation is still in the acoustic domain , differing from
those ’°”5 who transform their time-warped segments into phonemic labels with associated
transition probabilities between labeled states. The advantage of remaining in the acoustic
domain is that it avoids an intermediate classification that would introduce errors and obviates
the need to find every phonetic boundary, which is helpful when such boundaries are difficult to
find.

0-

‘5 F. Jelinek , “Contin uous Speech Recognition by Statistical Methods ,” Pr oceedings of the IEEE. 64:53 2— 556 ,
April 1976,
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TABLE 2. RECOGNITION PATtERN FORM AT DE FINI TIONS
FOR THE DIGITS

z I r  o f a l  v
A A A A A

4, 2 (4) (4) —4, - 2 (6) 2, 4

w A  n s I k s
A A A A A

-4, --2 (6) 2 , 4 - 4 , —2 (4) (2) 2 , 4

~ ~A A A A A A
- 4, 2 (2) (6) - 4 - 2 (4) (4) 2 , 4

O r  i e t
A A A A

4, 2 (6) (6) 2 , 4

f o r n a l  n
A A A A

4, 2 (6) 2 4, —2 (6) 2 , 4

C. REFERENCE-POINT LOCATION

A presupposition of this piecewise , linear , time-normalization technique is extremely
accurate refer ence-point location. One approach would be vocabulary-independent , locating
changes in features such as voicing, energy, or spectrum between adjacent time samples. This is a
reliable , precise method for use in speaker-dependent recognizers; however , sometimes expected
acoustic segmentation points are missed in speaker-independent recognition.

A more robust approach is to use a vocabulary-dependent approach (similar to the
“trans eme ” approach used at IBM ’6 ) ,  matching a feature vector (called a “scanning pattern ”)
extracted from the input speech wavefo rm to reference scanning pattern s , or templates. Figure 6
shows a scanning pattern being extracted from the spectral input. Matching is perfo rmed by
computing a distance between the input  and all reference patterns for every frame (10 ms in this
stud y).  Minima in this distance function are locations of potential acoustic boundaries (reference
po ints).

More specifically, the scanning pattern ‘formed at time t~ consists of: ( I )  the spectral data ,
regression coefficients , and energy for the five time samples from t~~2 through t1~ 2 and (2) the
difference between the data for all adjacent pairs of time samples. The energy used in the
scanning pattern is the energy for each of’ the five columns of data , normalized by the sum over
all five columns and quantized to 4 hits. Figure 6 illustrates the formation of a scanning pattern
from preprocessed (regressed , normalized , quantized ) speech data. The only purpose of the
difference data is to weight more heavily rapid changes of the feature vectors with respect to
time. Since these data are derived from the standard data portion of the scanning pattern ,
subsequent il lustrations of scanning patterns in this report will not show the difference data ,
even though it is , in fact , part of the actual pattern.

~~~~~~ Dixon and H F .  Silver ,nan , “The 1976 Modular Acoustic Processor (MAP), ” IEEE Transactions on
Acoustics , Speech and Signal Proces sing, ASSP-25 :367 --379 , October 19 77.
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In order to determine where reference points occur in the input speech , the input data are
compared wi th  reference data. This procedure (called scanning) is done by formatt ing scannin g
patterns Irom the in put speech at each time sample t~, comparing these with predetermined
reterenc e scanning patterns T~ , and obtaining a measure of squared difference between the two ,
called t h e  scanning error:

t64

ek~ = -- H 2 (x 1~ - r lk) 2 ( I )

The final erro r associated with each reference point is the minimum error of all comparisons
with pa t terns rep resentin g that reference point .

Usin g the scanning errors as a function of time , an error function is thus generated for
each type of reference scanning pattern using the minimum scanning error for each pattern type
b r  each time sample. (Mult iple reference scanning patterns may be allowed for each reference
point of each word. ) Each function is monitored for dips of sufficient magnitude to be
considered as potential locations of the corresponding reference points in the input data. These
dips are called valley points when the rati o of the scanning error following the dip to the
scanning error at the (lip itself is greater than or equal to a specified peak-to-valley ratio (PVR),
typically 1 . 1 to 1.3 , and the magnitude of the scannin g erro r for the valley point is less than or
equal to a threshold , typically 600 to I ,200. The occurrence of a peak (verified when the rat io
of the scanning error following the peak to the scanning error at the peak is less than the
reciprocal of the PVR) is required before another valley point can be found. The valley-finding
procedure is shown in Figure 7.

D. WORD HYPOTHESIZING AND TESTING

Once these valleys in the scanning error (potential reference points) have been found , the
next task is to fit them together to form word hypotheses. A sequence of time-ordered
reference-point hypotheses for a word must exist , and the time distance between each pair of
reference points must satisfy word-specific minimum/maxi mum restrictions. The error determined
for each refe rence point pair is weighted by deviations from the expected distance between the
two points and the scanning error at each hypothesized reference point. The weighted error for
reference points i and j is:

(e1 + offset) (e~ + offset) / a t , - dt 1~ ~~ 2 

--- I +~~I — — -

~—~~-~lJ 1 024 k at~, /
where -

(2)
dt~ ~~~
dt 1~ expected dt 1,1 at ,,,.~, = 4

s ax ~~ offset 100
~ j ,j u mm )

e~ e, scanning error for re fere n ce points i , j
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If the hypothesized word sequence error (SQ), which is the sum of the for all re ference
point pairs in the word, is less than a predetermined word-specific threshold , then a word has
been hypothesized.

To test this hypothesized word , the time-normalized recognition pattern anchored at the
corresponding hypothesized reference points is compared to time-normalized reference
recognition pattern ( s) for the hypothesized word , usir ,~ the squared Euch idian distance. This
distance (or the minimum distance , in the case of multiple reference patterns) is the recognition
error (TE), which is used along with the sequence error (SQ) in computing a total normalized
error (NE ) for the word “k” as given below:

TE k /No. of columns in word k SQk
NE = - - - - - — - - - —- - —  + W ~ 

- — -  (3)k normaiizing constant for word k 10 (NPP )

where NPP is the number of reference-point pairs used in computing SQk. If the NE for the
hypotheiszed word is above a predefined threshold or if the average energy across the recognition
pattern is less than a threshold , the word is discarded. Otherwise , it is placed into a table of
hypothesized words , along with the SQ, TE , NE , average energy, reference-point times , and
scanning errors for that word. Table 3 is an example table of hypothesized words for a sequence
of six digits spoken continuously. Note the existence of the 35 superfluous words in this case.
The optimal searching of this table (or directed graph) is described in the next subsection.

E. AN EFFICIENT TREE-SEARCHING ALGORITHM

Once the current speech segment has
been completed , the sorted table of hypothe-
sized words must be searched to find the START

sequence having the minimum error. Note that
this corresponds to finding the best path
through a directed graph , such as the simple
one shown in Figure 8, taken from Porter. 12

The correspondence to the directed graph can
be seen most readily from a specitic example.
Table 4 shows the table of hypothesized words
(digits , in this case) sorted according to the
time (in centiseconds) of the final reference
points. Each entry in this table can point hack
in time to all previous digits with earlier final
reference-point times (less than the initial
reference-point time of the entry being
considered ) . The allowable range of back-
pointers can be l imited by requiring that  the
time diffe rence between the first reference
point of each word and the last reference point
of preceding word s lie between a specified .
min imum and maximum.

END
Clearly, the exhaustive search time for

traversing all possible paths increases rapidly.
Figure 8. Exa mple of Directed Graph
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TABLE 4. SAMPLE OF TA BLE OF BACKPOINTE RS FOR BEST WORD
SEQUENCES IN SORTED TABLE OF HYPOTHESIZEI) WORD

Sorted Time of Time of Adjusted Backpointer Lists for
Table First Last Normalized Sequences of Length
Index Ref. Pt. Ref. Pt. Error 1 2 3 4 S 6

Best Sequence: 16 16 16 16 28 39
4 1 439 469 80 I 16 16 16 16 28
40 439 469 69 I 16 16 16 16 28
39 439 464 59 I 16 16 16 16 28
38 415 454 I I2 I 16 16 16 16 - --1
37 439 454 99 — l 16 16 16 16 28
36 4 15 436 103 1 lb  16 16 16 - l
35 394 435 106 I 5 5 I l  I —1
34 417 435 108 I 16 16 16 16 -

33 396 430 96 I 16 16 16 16 - I
32 415 430 99 - l 16 16 16 16 - I
3 1 409 430 73 - I 16 16 16 16
30 401 423 98 - 1 16 16 16 16 - 1
29 405 423 11 3 - I 16 16 16 16 1
28 409 423 58 I 16 16 16 16 - - 1
27 404 423 90 1 16 16 16 16 —l
26 394 422 88 - 1 5 5 11 - 1  - 1
25 40 1 422 90 I 16 16 16 16 - 1
24 4 1 1 422 82 I 16 16 16 16 —1
23 374 413 85 I 5 5 I I  - l  —1 . 

-

22 373 4 12  95 1 5 5 I I  1
2 1 387 400 64 I 5 5 I i  I -

20 369 400 67 1 5 5 Il - I —1
19 374 399 1 1 1  1 5 5 I I  I - - I
18 374 398 70 1 5 5 ~1 I —I
I 7 376 394 ‘)6 1 5 5 I i  I -

16 373 392 47 - 1 5 5 I i  - 1  — l
I S  374 392 59 - - I 5 5 II I —I
14 331 3 62 74 -- I 5 5 1 1 - - 1
13 331 359 64 - - l 5 5 —1 — l  — I
12 342 359 78 - - I 5 5 I I —1
I I  325 359 54 1 5 5 --1 - I - - 1
JO 332 358 82 - - 1 5 5 I I — l
9 332 357 74 - 1 5 5 I - 1 --I
8 33 1 355 72 I 5 5 I - 1 1
7 325 353 63 I 5 5 - 1 I 1
6 343 351 96 1 5 5 -- I - 1 - -

5 291 3 13 51 I 4 1 1 1 1
4 255 27 1 53 I - I  —I  - I - - 1 - 1
3 250 27 1 99 1 - I - 1 - 1  - 1 - - l
2 248 271 83 I — l  1 —1 — . 1 - - I

250 268 91 1 I I I I --I

2 1
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Syntacti c const ra int s, such as those used in the total  voice Sl)eaker verif icat ion s tudy ,  can
sometimes aid the efficiency ot sequence f inding ,  depending on wh ether  the  const ra ints  app ly
locally to word pairs or more globally to the  u t te rance  as a whole. If ’ syntact ic  constraints have
been imposed in order to increase sequ ence recognition performance , such as in the  total voice
application, these con st ra ints  can he incorporated into the tree—searching algorithm to eliminate
searching branches that  are nut  synt ac t i ca l ly-  correct.

An even greater potential  saving may be obtained b y savi ng op t ima l  subsequences to avoid
repetitious searching of ’ t he same path.  However , this technique  is not acceptable for sequences
that are syntactically constrained since the saved opt i m al subsequence m a y  not , in~ fact , satisfy
the constraints when those constraints are applied to the ent i re  sequence. In Other word s, the
“correct ” sequence (satisfying the s v t t t -acti c constraints ) may in tact not he the “best ” (lowest
error) sequence. Since the saving of opt imal  subseque nces only fin ds on e best seque n ce of a
given length , this method is not appropriate  to syntact ica l ly  constrained word sequences.

For unconstra ined sequences , ho wever , t h is t e chnique  of ’ Saving opt i m al subsequences can
shorten the exhaus t ive  search t i m e  to he prop ortional only to the number  of table entries
preceding a table entry. As an example . Table 4 giv es the resu l t t ng sub sequence h ackpoi n te rs  for
the sorted table of hypoth es i ied d ig i t s  for the  six-digit sequence in Table 3. These hackpointer
lists are constructed from the bot tom imp , according to the algorithm shown in Figure 9.
Essentially,  the hackpoin te r  for sorted table index  i , sequen ce length k , points  to the sorted table
index j Ci <i) that  has the m i n i m u m  error t’or a subsequence of length (k - - 1) t’or all j satisfying
the relation:

~~ (t ~~
t°’ t 1m.d ) ~ ~~~~~~ (4)

where ~~t mifl  = 3 cs and ~~t rfl a\ 1 20 cs were used in this stud y.

As each new entry in the list of hackpointers  is constructed , it is compared to the best
(lowest total error) subsequence of the same length. If ’ the newer ent ry  has a lower error , this
error replaces the best error , and the pointer to the be s t sequence of that  length is changed to
point to the sorted table entry current ly  under consideration. After the final sorted table index
has been completed , the array of pointers to the subsequences having the lowest error contains
the optimal results of the search , If the length of ’ the sequence has been constrain ed , all that is
necessary is to select the backpoint er  for the  specified length sequence. If mi ot , t ime second halt  of
the algorithm shown in Figure 9 is used to de te rmine  the  best sequence out of those specified by
the arra y of pointers to the best sequence .

Although the algorithm described in this  subsection was developed as a natural  extension
to existing sequence finders tha t  did not save opt imal  subseq u ences , re ference should be made to
the work of others on this problem. Most widely  published IS t h e  work of Jelinek et al. at
IBM. 1 , h 7 , m8 ‘rile IBM work was predicated on a phonemic representat ion of the recognized
speech. The descripti ons were in terms of l)r obabi l s t ic  t’i n i t e  state mac hi nes where tile recognized
phonemes are outputs  of state-to-state t ransi t ions , with all state transitions having associated
a priori probabilities.

‘7 F. Jelinek , L.R. BahI , and R .L . Mercer , “Design of a Linguistic Statistica l Decoder for the Recognition of
Continuous Speech ,” lEE!:’ Transactions on lnJ ()r , na ti- ol I I :e ,) r I ’ , IT- 2I :250 256 , May 1975.

1M LR RaW and F. Jelinek , “Decoding for Channels Wi th  Insert ions . Deletions , and Substitut ions With
App lications to Speech Recognition ,” IEI: l:’ Transa~ ti~ ’i~ on lnj orpp mation Tho ’r i ’, 11.2 1:404 4 1 1  . July 1975.



E N T E R  W I T H  T A B LE OF
HYPOTHESIZED WORDS WITH IF
NMAX ENTRIES (I) ERROR FOR LENGTH K SEQUENCE

I ~ ERROR FOR LENGTH KBEST
________ SEQUENCE PLUS K-KBEST) TiMES
I N -

~ 2 1 BETA (O < BETA~~ 1) TIMES MAX
L - 3 SINGLE-WORD ERROR , AND

I (2) AV ERAGE ERROR FOR ALL WORDS
L IN LONGER SEQUENCE THAT

OVERLAP WORDS IN SHORTER
CALCULATE MIN SUBSEQUENCE ERROR SEQUENCE ~ ERROR FOR WORD IN

— 
FOR WORD (N) FOR ALL LENGTH SUB- SHORTER SEQUENCE

SEQUENCES FROM K =  2 TO KMAX AS SEQUENCE THAT ARE OVERLAPPED ,
ERROR FOR WORD (N) PLUS MIN ERROR THEN KBEST=K

FOR SUBSEQUENCE OF PRIOR WORDS OF
LENGTH K-i ; SAVE SUBSEQUENCE
ERROR AND BACKLOINTER TO MIN K — K + I

ERROR SUBSEQUENCE FOR ALL K ’S

FOR ALL K ’ S F R O M K = 2 T O KMAX , F 
YES  

K~~~ KMAX
IF  M I N  E R R OR FOR L E NGTH K
SUBSEQUENCE FOR WORD (N) S LESS 

NO
THAN LOWEST MIN ERROR FOR
LENGTH K SEQUENCE FOR ALL PRIOR
W O R D S , REPLACE LATTER BY FORMER
AND SAVE BACKPINTER AND MIN ERROR 

NO WAS K
F IX ED A PRIO R t

N N t I ]

YES

Y E
~~~~<~~N M A

’>.
) WAS

SEQUENCE
OF THI S NO

NO LENGTH

KBEST 
FOUND 

[~
aEST= O I

K 2  YES

I KBEST A PRIORI K ]
NOTE: _____________________________

FINAL REFERENCE POmNT OF LAST WORD OF
SUBSEQUENCE MUST BE IN RANGE (MINSEP , OUTPUT SEQUENCE
MAXSEP) AWAY FROM FIRST REFERENCE OF LENGTH KBEST
POINT OF WORD N~

Figure 9. Flow Chart for Efficient Tree-Searching Algorithm
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Much close r to the  work of th is  subsection is tha t  of Porter , ’2 whose MINT algorithm is
used to I’ind tile highest probabi l i ty  pa th  through a directed graph of hypothesized words , such
as that shown in Figure ~ . ‘[he nodes (rather  than the transitions , as iii tile IB M work ) are each
associated wi th  a hypothesized word and the edges represent backpo inters to all allowable
predecessors . The solution to the real-time processing is almost the same as that described here :
each node need he processed only once , rather than each sequence once , by saving bac kpointers
to the optimal subsequence. The only difference is that , in the J)re sent study, N optimal
subsequences are saved (N is tile mflaXi mliu m allowable length sequence), whereas just one
hackp ointer is saved by Porter. Subsequent postpro cessimig in t u e  present study then selects
which of the final N sequ ences is tile best.

The interested reader is referred to Porter ’2 for an ext em l ded discussion of the probabilistic
basis for this  procedure .

F. OVERALL WORD-RECOGNITION ALGORITHM

Word recognition at Texas Ins t ruments  is current ly  based on tile piecewise-linear
t ime—normal iza t ion  teet lnique (Subsection i!.B ) of f inding potential acoustic boundaries
(reference points) and f i t t ing  sequences of ’ re ference poim its together to form ilypothesiz ed words.
Time-normalized spectral patterns , formatted for tile hypothesized words , are then compared to
reference pat terns (fo r either speaker-independent or speaker-dependent recognition of either
continuous or discrete speech). If tile comparison is a good enough match , the t ime of the first
and last refe rence points and a total normalized error (distance between the input amid reference )
for the word , along with the label I’or the word , are stored in a tab le of hypothesized words.

After the ut tera mice has h e em i completed , the table is sorted by t ime of occurrence of the
final reference poimi t and is then used by the tree-searching algorithm described in the previous
subsection to find the best sequence of words. A summary flow chart for the word recognition
programs investigated dur ing th is  contract is shown in Figure 10.

Three specific computer programs were generated during this s tudy:

DIGREC , for speaker-independent recogm i itiom l ol’ conmiected digits u sing only the
TI 9S0 m inicomp u mt e r

DJGRCT , for speaker-independent recognition of connected digits using tile AP I 20B
array processor for f i l te r ing  and preprocessing

RTENR , for speaker-dependemit word recognition wit  ii automatic  enrollment ,

Note that for DIGREC , sampling is stopped ( lur ing the sequence f inding that  is domic after the
complete utterance has been input .

The prim ary differences between RTENR and both DIGREC and DIGRCT is tile source
for the reference scanning and recognition patterns. The referem ice patterns for DIGREC and
DJ GR ~ T were derived from a clustering procedure applied to a design data set collected ,
digitized and hand-edited off- l ine before use by the test subjects. The re ference patterm is for
RTENR , however , were derived from on-line em iro l lmen t  of all the vocabulary words by each
subject using the system. These were speaker-specific reference patterns. Both Proce dures are
described in more detail in Sections I I I  and IV.
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(FOR DIGREC )

~~~~~~~~~~~~~~~~ LIN G

_____________  — — — — (FOR DIGRCT AND RTENR)

PROC ESS N E X T  IN P U T
SAMPLE THAT HAS BEEN — — — — —
F I L T E R E D , REGRESSED, ‘ *
A N D  N O R M A L I Z E D  I 1 I

STOP SAM P L I N G  
I

r*

’ _ _ _i  

_ _ _ _ _ _ _HAS __________________________

NO S P E E C H  ~~~ FIND BEST WORD
SEQUENCE FOR EACH

STARTED I ALLOWABLE LENGTH
SEQUENCE

Y E S  I

HAS YES 
YES~~~~~~~~~~~~~~~H

CHOOSE BEST SEQUENCE
FORMAT SCANNING 1 FROM AMONG BEST
PATTERN FROM INPUT OF EACH LENGTH

LOOK FOR S C A N N I N G
ERROR VALLEYS
(POTENTIAL REF PTS) OUTPUT WORD
BY COMPARING INPUT ESCANNING PATTERN SE UENC

SCAN NING PA TTER N S I

~~~~~~~~~~~ NATE YES

I~
_._!i2

~~~~~~ VALLE :vS
’

~~> 

S.~~~~~~COGNI T I~~~,,
,.~ ~

() 
(~~NDD

Figure 10. Word Recognition Algorithm Flow Chart (Sheet I of 2)
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TRY TO HYPOTHESIZE
WORDS FROM SEQUENCES
OF VALLEY POINTS

HAVE
YES ALL WORDS

FOUND BEEN
PROC E::ED

FORMAT TIME-NORMALIZED
R E C O G N I T I O N  PATTERN
FROM IN PUT

ENERGY 
NO

LARGE

COMPARE INPUT RECOGNITIONI
PATTERN WITH R E F E R E N C E
RECOGNITION PATTERN(S)

COM PAR ISON
E R R O R  NO

~~THRESHOLD

Y E S  *ELIMINATED FOR
DIGRCT AND R T E N R

SAVE WORD IN TABLE
OF H Y P O T H E S I Z E D
WORDS

FIgure 10. Word Recognition Algor ithm Flow Chart (Sheet 2 of 2)
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SECTION I I I

SPEAKER-DEPENDENT WORD RECOGNITION

A. INTRODUCTION

The speech-processing algorithm described in Section II provides the framework for both
speaker-dependent and speaker-independent word-recognition tasks. The algorithm is made
specific to tile given task through ul efinition of the re fe rence scanning and recognition patterns.
The speaker-dependent task is accomplished through definition of a single set of reference
scanning patterns for eacii vocabulary worul for each speaker. In contrast , multiple scanning
patterns are defined for each word in the speaker-independent word-recognition task (discussed
in Section IV).

The re ference patterns for the speaker-dependent word-recognition task are obtained in a
single enrollment session where each word in the vocabulary is spoken in isolation. Intersession
variations and contextual variations in continuous speech are accounted for by a method of
supervised updating.

The remainder of th is section discusses the definition of the reference scanning and
recognition patterns , the method of supervised updating, and the application of the algorithm to
continuous speech.

B. ENROLLMENT

Enrollment in the speaker-dep endent word-recognition task defines the speaker-specific
reference patterns for each worul in the vocabulary. A total of 20 words per speaker is allowed.
Each word is identified to the system and then spoken four times in isolation . These four
repetitions are used to define reference scanning and recognition patterns for the word.

The enrollment strategy consists of preprocessing the data for ’ each word , locating
reference points , defining scanning patterns , and , finally, defining a recognition pattern. The
preproces sing step uses the algorithm defined in Section II to provide the spectru m , energy,
regression coefficients , and 1-function.

The 1-function is a measure of the change in the spectrum , regression coefficients and
energy and for time t~ is given by:

T~ =~~~~~~ [~~~~ + k N  —- (~~ +k 3 ) N l l 2 + 1
~ j +k Cj +k 3 1 12

+ IE 1+~ Ej +k 3 112 ÷ I l E ~+~~ 2 Ej + k~~4 l l 2 j

where

(A J ) N = normalized amplitude vector (Appendix A)

regression coefficient vector (c~ ~~
, c~2 )T

= normnal ized scanning pattern energy.
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Reference points are located in each of ’ the f’our enrollment words in turn for use in
defining scanning patterns am iu l recognitiom i patterns. The steps in locating the reference points are
as follows :

( 1)  Locate the beginning , i ST ,  and the end , 1L N J ) ’ of the word using an energy
thresho lu i .

(2) Sum the energy in the word segment from iST to i 1 ND to obtain S~
.

(3) Locate the time points associated with 5, 10, 90, and 95 percent of ’ the energy sum
that is (i 5 , ~10,  ~~~~ ~9 S  )~

— (4) Locate all the 1-function peaks im i the word segment.

(5) If a 1-function peak exists in the interva l I i ~~ , i ,0 I ,  define its location as the first
reference point , RP m if not , let RP 1 = i s

(6) Ii a 1-function peak exists in the interval I i~~, ~F NI )  ]~ define it as the last reference
point , RP N ; if not , let RP N = i95.

(7) Generate the set . T, of all 1-function peaks in the interval (RP 1,  RP N ). If T is null ,
then the word has only the two re ference points , RP , anti RP N .

(8) It ’ T is not null , use the elements of I in all combinations to maximize the function:

F = fi (The) [J ( i
~ i

k t ) r

where i 1 = R P I ; i N = R P N ; i k el f o r k = 2  . . .  , N --- l ; T k is the value of the
1-function at i k :  Tmin is a normalization factor ; and r is the power for the distance
weighting. The subset of T that maximizes the function F is then used as the set of
reference points for the word , with the first reference point being RP , and the last
being 

~~ N •  The objective of the maximization is to distribute the reference points
uniformly throughout the word.

At the location of each of the reference points thus defined , a scanning pattern is defined as
discussed in Section II. The scanning pattern uses the spectrum , energy and regression
coefficients , and their respective differences between time samples.

The definition of the recognit mon patterns also makes use of the location of the reference
points. The steps in defining tile recognition pattern format are as follows :

( I )  If the energy is greater than a threshold for time samples ‘RP , -- 4~ i~ p , — 3, 1RP ,
- 2, and ~R P I , then extrapolation columns are defined at ikp — 4 and iRp

— 2.
(2) If the energy is greater than a threshold for t ime samples 1RP N 

+ 1 , 1RP N + 2 ,
+ 3, and 

~Rp N 
+ 4, then extrapolation columns are defined at + 2 and

+ 4.
(3) Interior to every pair of reference points , ik and 1k + I ’  interpolate with M columns

for the recognition pattern , where
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2 t k + 1  1 k < 4

- 1k ~~~~

5 ~~~~~~~ 1k ~~20

8 2 O < I k + 1  1k

The format just described is used to define a recognition pattern using the procedure outlined in
Section Il .

Once the reference points , scanning patterns , and recognition pattern have been obtained
for one of the four repetitions of a word as described above, those scanning patterns are used to
scan the rem aim iing three repetitions to automatically find reference points and define re ference
patterns. At each repetition , the new scanning anti recognition patterns are averaged with the old
patterns. Each of the four repet itions of the word are used in turn to define a set of reference
scanning and recognition po imlts. As each reference pattern is formed , a composite error
consisting of the scanning error and the recognition error is computed. Tile minimum composite
error over the four different enrollment trials defines the ultimate enrollment for the word.

An example of automnatic enrollment is shown in Figure 11 for the word “Two”. For an
energy threshold of 100, the beginning of the word , iST, is at 26 and the end , 1E N D ’  is at 66.
The 5-, 10- , 90-, and 95-percent energy sum points are at 29 , 33, 55 , and 58, respectively.
Therefore , the strategy outlined above locates the reference points at 26 , 33, and 58. The
recognition format consists of three interpolation points between the reference points at 26 and
33, eight interpolation points between the reference points at 33 and 58, and the extrapolation
beyond the reference point at 58 by two and four points.

C. UPDATING

To accommodate intersession variations and continuous-speech context variation , several
sessions of supervised updating should be performed. The updating should consist of five sessions
separated by at least a day. A series of phrases that contain all the transitions for the 20-word
vocabulary should be spoken continuously. If the phrase is recognized , tile reference patterns are
updated by adding 1/ 16 of the miew pattern to 15/ 16 of the old patterns. T h e  five sessions
spaced at I-day intervals adapts the refe rence pattern for intersession variations. The series of
phrases with different contexts allows the reference patterns to adapt to continuous speech by
allowing the patterns to “see” something besides silence between the words and also to account
for coarticulation which occurs in sonic contexts.

0. APPLICATION TO CONTINUOUS SPEECH

The method of word recognition using spectral pattern matching offers a dramatic
improvement in performance compared with schemes that rely on finding word boundaries with
energy profiles. The spectral pattern-matching method works well in continuous speech provided
the words are enrolled properly and several sessions of continuous speech updating are
accomplished , as discussed in Stmbsection IlI.C. The example in Figure 11 of a good enrollment
for the word “two ” shows the reference points. In the example , the registration points were
interior to the word , SO that the scanning patterns will not be confused with the scanning
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patterns of adjac ent words. With several sessions of com lt inuous updating usim lg phrases containing
all the word transitions , the scanning and recognition patterns adapt to “see ” all these
transitions.

Un fortunate ly,  the method of automatic enrollment described above does not always give
a good enrol lment .  As an exam i lple of a poor enro ll ent , Figure 12 shows tile automatic
enrollment for the word “six ” . For an energy thresho ld of 100, the beginning of the word , is~~,
is at 25 and the end , i~ NI ) ’ is at 44. The 5- , 10- , 90- , and 95-percent energy sums are shown at
30, 31 , 39 , and 41 , respectively. The automatic enrol lment scheme chose tI le reference points at
29 and 44. The recognition pattern consists of five columns between tile two reference points.
There should have been another reference point at 56 and extrapolation of the recognition
pattern both before the first reference point at 29 and after the last reference point at 56. As
the patterns exist with the automatic enrollment , the updating will not improve the recognition
of the wor &~ “ .1x ”.

It is believed that an improved automatic enrollment algorithm would comisist of a set of
speaker-independent re ference phoneme patterns. Given the phonetic spelling, the specifi c
phoneme patterns for the word being enrolled would he scanned across the input data for that
word and scanning errors obtained. The minimum scanning errors would be located ami d used in a
dynamic programmning al gorithm to obtain the best sequence of phonemes in the proper spelling
order for the word . 1-function peaks between the minimum error locations for the phoneme
pairs would be used to define the reference points for the word. The recognition pattern format
would he specific to the phonemic spelling of the word . Once the reference points and
recognition pattern format are defined , the enrollment procedure would be the same as defined
above.
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SECTION IV

REFERENCE-PATTERN GENERATION FOR
SPEAKER-INDEPENDENT WORD RECOGNITION

The creation of ref erence pat terns for speaker-depem ident , isolated word recognition is
fairly s t ra ightforward : ext rac t  patterm i s from a single enrol l m n em it  SeSSiOmi amid accommodate
intersessiomi var ia t i om l through updat ing  of the reference pat term i s  ( l ea rn ing  with a teacher ). For
speaker- in depem ident  word recognit i on , however , the increased v a r iam i c c  of i npu t  data from
simige -refere nce templa tes  because of d i alect , idio lect.  am l d actual  physical characteristic s of the
speaker ( I em lg t l l  am i d  shape of the vocal tract , pitch , etc.) requires a more complex approach. Of
course , a l lowing co nt in imo u s  speech inpu t  exacerbates the iirobleni w i th  the in t roduct ion of
contextua l  variat ions.  An obvious so l lmt i o i l  is to allow mi m l t iple  reference t emnp lates for each
word . Om i e approach to derivimig a set of mult iple re ferem ice templates from a de sigm i data set is to
p art i t ion the data set on the basis of infornl ation other than the actual data , such as sex or
l inguis t ic  background.  A second approach , the one used im i the total voice verification study ami d
in t Ile present s tudy,  is to par t i t ion  tile data on the basis of the data points themselves using
c l u s t e r i n g  techni q u es. ‘ftc remainder  of this section reviews the use of clustering iii speaker—

im i dependent  r el eremice te m ll l ) Ia t e  generat ioml , discu sses the clustering used in the studie s at Texas
Ins t ru m ent s , and gives results of some fur ther  anal ysis of the patterns developed dur ing the total
voice work , p~mt t e rn s  tha t  were also used on the current  unconstrained digit  recognition work ill
order to preserv e compa t ib i l i t y .

A. REVIEW OF CLUSTERING IN SPEAKER-INDEPENDENT WORD RECOGNITION

Except for the work done imi this study and in the total voice s tudy, ’ the only other
a p p l i c a t i o n s  of cl u s ter ing to speaker-independent reference-pattern generation has been
com i currem it  work started independen t l y about  ti le same tune at Bell Laboratories (as reported by
R a h in er . Lev in som i , Rosem iburg, amid Wilpon ’’0 2 2  and subsequent independent  work done in
Japam i by Tanaka 23 , 24 The application at Bell Laboratories is isolated word recognition , and
Tanaka ’s procedure has been applied only to the recognition of stop comisonants. The remainder
of this subsection reviews these other works .

L.R.  Rah in er . “On (‘realing Reteremice 1cii~plate s t o r  Spe ak er -In dependem i t Recognition of Isolated Words ,”
I L/: E Transa ctions on ,I coustu-s . Speec h and Signal Pr ocessing, ASSP- 6 :34 - 42.  Februar y  I 978.

~°SJ- . Le’iim ison ~ t a!.. “ Interact ive  ( lus te r ing  Techni ques for Selecting Speaker-Independent Re ference
Temp lates b r  Is o lated Word Re c ognition. ” lEE!:’ Transactions on Acoustics , Speech and Signal Processing.
ASSI’.27: 134 - 14 1 , Apr i l  1979 .

2 1  L.R . Ra h iner cm a !, , ‘S peaker -lnd epencl en t Recognit ion ot Isolated Words t ’sin g (lustering Techniques ,’
Proceedings of the In terna tional Conference on Acoustics, Speech and Signal Processing, Washington , D.C.,
574 577 . 2 4 April , 1’)79 .

22 L .R. Rii h ine r am i d J , G , Wil pon , “( u m i s m d e r a t i o m i s  iii App ly ing  Cluster ing Techniques to Speaker -Independe mit
Word Recogn i t i o t i . Proce edings of the Internationa l ( ‘onJ i ’rence on Acoustics. Speech and Signal Processing,
Was hui gt om i . I),(’.. 578 58! , 2-4 April , 1979 .

2 3 K. Tanaka. ‘A Sm am ida r d  Cum egor y Pattern-Making Method With A pp lication to Phoneme Recognition .’’
Proceedings of tigt ’ I -~,ur tls f ,, tc ’rnai iona l Joint Conference on Pa t tern Recognition , k yot o , Japan. 1 030 1032.
7-10 N ovem u h er . 1 9Th.

24 K. I am ia ka.  ~~ E al ker  ( ‘lus mer i m i g  Me t hod t i n  St a n d a r d  P a t t e r m m  Making . ” Progress Report on Speech
Rc ’searc/z ‘77. i ;le- c t i i e c t m n i c a i  l.~i ho r a tor y .  Ja t ian.  August  1978.
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Although the Bell Laboratories work has beer , I’or words said in isolation , t h e word sets
investigated , while including the digits (0 through 9) , were considerably large m . One set was a
54-word vocab tml ary proposed originally by Gold ,2 ~ and the other set contained the alphab et , the
digits , and three control words. The speech representation chosen was a set of linear predictive
coding LP(’) parameters t’or each 1 5-ins l’rame of speech. These parameter s then und erwent a
time normalization using a dynam n ic  progr an iim l ing technique. 26 ‘I’he s imi lar i ty  miieasure used it i
the Bell Laborator ies work was one ui the fo l lowing form proposed b y I ta k ur a :~

-

~~ \f lrw ( k J  w ( k )
d f k , w ( k ) I  = log (5~V ak

where 
~~

‘
k is the vector of LPC coefficients associated wi th  the kth l ’rame of the test or u m n k n o w m i

ut terance ~~ aWIk) is the vector of LP(’ coeff ic ients  derived from the w(k) i/ i  frame of the
reference utterance ~~ and V is the matr ix  of autocorrelat ion coefficients computed from the
kth frame of the test u t terance ,  Note that  this dis tance measure is not a t rue metr ic  since it  is
not symmetrical .

The clustering technique reported in Levim ison et al., 2° and Rabin er et at., 2 ’ is a
supervised , interactive procedure and is the combination ( figure 13) of ’ the fol lowing tour
proceduires: chainn iap, shared nearest m ie ighbor , k -mc am i s , am i d a versiom i of ISODA1A. The details
of their procedures are given in Levinson et aL2 ° lii this approach , the investigators first
attempted to find good estimates of both the n u mrnber  of ’ clusters (using the chainmap)  and thei r
cluster centers (usimig the k-means ) for input  to an i terat ive optimization procedure (ISODATA)
that allowed splitt ing and merging of clusters. The overall in ten t  was to n l axi mnize  a q u a l i t y
measure a for the assignment of ’ N observations into M classes, The value of a is given b y

- - -  

M(M - 

- 

I )  (x~~~, x~~
(J ))

— 

M 
- - 

~~~~ 
(6)

I m~(m~ - - I )  ~ (x ,”) , x k ))

where superscripts indicate class membership, p subscripts indicate re ference-class prototypes , and
~(a ,b) is a nonsymmetr ic  similarity measure between pat t erm i s a and b t h at is th e ave rage of t h e
ltakura  distances over all the frames of the re ference pat t ern. Fur ther  commem lts regarding a are
made later in this section.

2 5  B. Gold. “Word - Recogm iit ion Computer Program ,” Massachusetts Ins m i t u t e  of Technol ogy , Cambridge . RLF ,
Technical Report 452 , June 1 966. -

26 L.R. Rab mner et al., “Considerations in Dynamic ‘rime Warpin g Algor i thms or Discrete Word Recognition ,”
IEEE Transactions on Acoustics, Speech and Signal Processing, ASSP -26: 5 75 -5 82 . December 1978.
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Figure 13 . Bell Laboratories Clustering Procedures (From Rabiner , et a121 )

Speaker-independent recognition results for isolated digits given in Rabiner et al. 2 ’ raiige
from 97.5 to 100 percent. Results I’or the entire 39-word set range from about 50 to 80 percent ,
and recognition improves with the number of reference templates used for each word.

Rabiner and Wi lpon 22  extended the previous w’~rk to unsupervised clustering using the
same data set , distance , and quali ty measure (a) as prev,ously used. One clustering algorithm uses
onl y precomputed distances between observations , a ttem ptin g t o pla ce each observ ati on uni quely
in a cluster with all others that arc similar , and a second clustering algorithm combines (by
averaging ) observations that are similar. Comparisons were made in this work among three
different LPC feature sets and between cluster representation either by the data point with the
minimuni  maxi mui m distance from all other points in the cluster or by the average of all the
points ii the cluster. The results of’ Rabiner and Wilpon indicate that the algorithm using
prccomputcd distances was superior to the other and that the use of an averaged pattern to
represent the cluster was superior to usin g the minimum maximum center. Again , the recognition
acc umracy improved with the number of reference templates umsed.

Tanaka 23 ’24 clusters a set of observations into dif ’ferent classes by moving each
observation iterativel y by some amount proportional to the density of points in the
neighborhood of the observation , where each point is modified by its gradient with respect to all
other points. Specifically , f’or the set of ’ observation vectors x 1 (i I N ) for the jth
i te ra t ion ,

I I”
35

r 
_________ 

_______________ ___________

~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~ 
- IL -- - - -  - • -

r ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
- - - .  

- . — . - - - : -~~~~, 



= ~~~~ + ~~~~~ ~~~~~~~~~~ (-~ ~~~~~~~~~~~

where

~(s~ ) = eXt ) - I d (x ~. x~ 
2 /2 ( s ’ )

~(2s 1) exp ~ [ u1(x~ , x~) l 2 /2t 2s~ )I

w~
4 1  =

and

~i = 5 i l / ~~~ / 2

1 anaka makes the analogy to a potential  funct ion of an exponent ia l  form , so that the (x J k
XJ r ) b(2 sJ ) term can be considered a gradient  of the potential function. Hemice , the term iii
brackets in Eq uation (7) represents omie of ’ the points modified by the gradient  of a potential
funct iom i  of that point with respect to all other po ints. These modified points are then used in N
weighted su ms to determ n ine each of the new N points for the (j + I )st i terat ion.  Clustering stops
whem i the window b( si)  has narrowed suf ’f icient ly that every data point is the same as tha t  of ti le
previous stage. The miun iber of i terations and the f ina l  number  of ’ clusters are obvious ly affected
by the choice of c amid s~ .

This approach is qu i te  s imilar  to that  preSeilted by Fukumiaga amid l lostet ler . 27 However ,
they essentially use the p oints as mii od ified in the brackets in Equatiom i (7)  as the new N poim its
for the (j + I )st iteration , itistead of using weighted s im mn s of ’ such points.

Tanaka applied this method to generat i omi of ref erence patterns f or  use in the dif f icul t
problem of detecting the three stop consonants /p, t ,k/ .  This effor t  is directed toward a phoneti c
classification-based speech recognition system. Tanaka ’s resul ts  are 89 perce nt fo r t h e test data
and 82 percent for stop consonants of othei’ speakers.

The mii ethod used in the s tudy covered b y this  final report and the method used in the
preceding total  voice s t u d y  differ signi i ’icant ly i’rom the approaches j u s t  described. Tanaka ’s
approach differs not only in terms of u ms i ng phonemic-based recog n ition but  also in the clui st ering
by allowing movement of the data points .  A l t ho u mgh dif l ’erim i g fi mi al d u s t e r s  and numbers of
clusters could be produced in ‘l am i aka ’s algorithm by varying the parameters , he does not discuss
how to choose the final clusters. Diff ’erim ig app li catiom is do not allow comparison of ’ his final
results to those presented here.

27 K Fukunag a and 1.1) . I lo stet l er , “The Estimation of ’ the Gradient of a Density Function With Applications
in Patter n Recogn ition ,” II :’EE Transactions on InJ orrn atio im 7’heorv, I T .2l :32 40 , Jan t i a ry  l9~ 5,
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A lth oum g h the applicat ion ami d the clustering approach used at Bell Laboratories diffe r less,
their  approach is to find a simigle “best ” set , of clusters , um l tirnat ely using an 1SODA FA al gorithm
tha t  can split amid merge clu sters, ‘rhe approach uised at Texas Instruments , however , finds good
estimates for  cluster centers using a hierarchical clustering approach , performing an iterative
opt it i l i z at ion on c lum ster def init ions for several fixed val u es  of M (later referred to as “c”), and
choosing M based not only omi criterion values for each of the final partitions , but also on a
subjective evaluation of ’ the fimi al cluster averaged patterns themselves. -

A criterion similar to that used by Bell Laboratories (a) is compare d with the oie used
here (trace of ’ the within-class scatter matr ix)  later in this section. In addition , although a
comm on data base cou ld n ot be u sed , a small test of recognition performance on isolated digits
was performed to provide a rough comparison with the isolated digi t results presented by
Rahiner  et al. 2

B. DETAILED CLUSTERING ALG ORITHM

The e lumstering algorithm used in the total voice stu m dy and extended in the present s tudy
represents a unique combination of several methods , all centered on the use of Euclidian
dista iices because the fast vector comparator exists peripheral to the TI 980 to perfo rm the
compu itation. The entire procedu ,re is shown in Fi gu mre 14. The patterns used in the speaker-
independent di git-recognition eva lum ation s were generated during the total voice study using the
path throutgh the procedu mre denoted by the double lines in Figum re 14. The other paths in Figure
14 were added during this study for evaluation of and consistency checks on the previous
patterns ami d for rud imiientary out l ier analysis.

A detailed description of the proc edt,re used to generate the patterns and the patterns
themselves are given in the total voice f’inal report. ’ A brief description of the procedure is given
here for completeness. Th e  method used in the total voice stutdy to derive the patterns used in
the eva lumat i on was an agglomerative method combi ning the two clusters that have the smallest
average distance (MINAVE )  between the points in the two clusters , i.e. , combining the i and j
clusters that  have the min imum

(I(j , ~~
‘) (8)

x~xi x ’cx~

where

n~ = number  of ’ 
~~in class x~

n~ = number of”~~’ in class x1
and , in this case ,

I 2d(x, x ) = ~x - x

‘rhe second step used was to improve on the partitions from the hierarchical clustering
iterativel y by moving samples from one group to another if such a move improved the value of
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some criterion function. This step used the iterative optimization method of Duda and Hart 28

that minimized the sum-of-squared error criterion 
~e’ wri tten as

= = II (9)
1= 1 1= 1

where

I —L fl1 1 = 
~~~~~~~~~ 

x

x€ x i

Ii’ a point ‘~~ is moved from class x1 t o class ~~ the means Th 1 and ‘M~ change to

i~ i * = T h .  — and ’i~ . ” iii. + —-—-~~---~~
- (10)

n- I fl, +~I J
The value of J~ decreases to

n i -‘J *  = J  — - lI’~ lIT 1 If 2 ( i i )n i —

and increases to

J * = J + -
~~~

--

~~ ll~ — Th. 112 ( 12 )nj + l  I

Clearly, then , since the criterion is to minimize J . , if

n. _
-~ --- II~ Th li~ < 11~ — n i h 2  ( 13 )

- 

ni + l  1 n 1 — i

then ~ should be transferred f’rorn class x, t o class x1. Specifically the point ~~ is moved to the
class x~’ having the smallest (n~/n~ + 1) jjr — m~J J 2 .

An additional property (not necessarily good ) of the selection of 3e as a criterion is that a
set of equally divided clusters is favored over a set containing both small and large clusters, as
noted earlier. This can h~ seen by considering n , ~ n~ in Equation ( 13) , which y ields
approx imately

U-
l1’~ - ni-Il2 < III — I~ , I) 2 (14)

n1 + l  I

2S R,O. Duda and P.E. H arm , Pattern Classifica tion and Scene Analysis. John Wiley and Sons (New York, 19 73).
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Thus , for n~ = I , t he di stam i ce I [~ mn 1 11 2 need only be less than twice the distance IR - - m 1 112 k)

the old mean for -

~~~ to t he tramisferred to class x1.

C. CRITERIA FOR MEASURING PARTITION GOODNESS

Although in im i in i i z at ion of J~ was the criterion used in the iterative optimization and (J~ —
~~ )/ J~ was utsed as a second crite rio n to aid in selectimig the numi th er of clu sters , the values of
several other criteria relate d to J~ were calculated during the current  s tudy for all patterns for
nutnbers of ’ classes f ’rom I to I - N  ( 10) . I Superscripts on J~ are used tu ) demiote number  of
classes. )

T h e  discussiom l in the re mainder of th is  subsection assumes a knowledge of scatter
matrices. Appendix B has been pr ovided for those riot familiar wi th  t h e  concept.

A third criterion is the val u me of ’ tr  SB / t r  S~~, which is inherently maximize d dur ing  the
iterative opt i m izati on b y t h e  n i in in l i t at ion  of ~e = tr SW ). Note that since tr Si- = ‘ and tr
SB = tr  S-1 tr S~ , t h e n  t r  SH tr S~ = (J ,~ J~)fJ~ f ’or c classes,

A four th  related cri ter iom i suggested by Ila rtig am i 29 for choosing the number  of clusters is
( i i  c)( J~ J~~ 1 )‘J~. . H artigan suggests that  values of this ratio greater than 10 justify
increasing the number  of clusters.

A f ’i fth criterion is related to the F-ratio from analysis of variance , taking im i to account the
degrees of freedom of tr SB am l d tr  Sw .  This criterion is given by

tr S13 / (c I )  (n c)(J .’ J~)

- tr S
~~
/(n - c) 

= 
( c — l ) J ~ 

- -  ( 15)

and is at t r ibted by Eve r it t 3° to Cal imiski and Harabas z . 3’

The s ixth  criterion calculated during this study is a a analogous to that used in the Bell
Laboratories studies , ’9 2 2  The value of ’ a is calculated by

c(e  
fl Th1 112   

- -  ( 1 6)

(n. ~~~~~~~~~~~ 
II~ ~~l I 2 ]

i=t  I xcx , x ’

29 J.A. Ha rtigan , clustering A lgorithms, John Wiley and Sons ( New York , 1975).
30 B. Ever itt , ( ‘luster Analysis , l lci n em an n Educational Books , Ltd., (London , 1974).
~~T. Cali nsk i and J . llarabas z , “A Dendrite Method for Cluster Analysis ,” (u npublished), 197 1.

t
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The relations h ip betw eemi a and the tr SB / t r  SW criterion can be seen better by putting
both a ami d criterion 5 in equivalent f’ormns. l’he a term can be rewritten as

c~ 
hhiii 1 

- ni~h I 2
a =  - - - ( 17)

2~~~~~~~~~ l
- -- - J_

c ( n- - I)
F I

amid the fi ft h criterion multiplied by the factor c/ (2n) can be rewritten (see Appendix C) as a
seventh criterion a, as follows:

‘~ C n.n-

c(tr SB )/(c - 1) 1 2 Ih M~ — -  iii~I I 2

a - - — ---- - --- = - -- --- -  -
~~~

—-
~~~~~~~~~

— ——-
~~~~~~~~

-— - - -  ( 1 8 )
2n (tr  S )/ (n - - c)w 

~ J
’

The values of’ all seven of these criteria for several classes of one of the 34 pattern types
clustere d imi this study are shown in Table 5. The desire is to maximize the last five of the seven
criteria discuissed above. Note , however , that the sixth criterion , a, is actually oniy monitored ,
while the optimization is on the basis of 

~e ’ from which all the other criteria (except a) are
derived.

TABLE S. VALUES OF SEVEN CLUSTER IN G CRITE RI A FOR
POSTITERATIVE OPTIM IZATION OF MINMAX AGGLOMERATIVE

CLU STERS FOR RECOGNITION PATTERN FOR DIGIT “SIX”

Criterion

ic ± ±
I 58,4 12.0 

, 0.176 0.000 28.850 0.000 0.000 0.000
2 48,136.5 0.051 0,2 13 8.296 34.795 0.422 0.208
3 45 ,686.7 0.055 0.279 8.897 22.561 0.426 0.203
4 43 , 177.7 0.022 0.353 3.473 18.935 0.518 0.227
5 42,246.4 0.030 0.383 4.771 15.306 0.530 0.229
6 40,986.8 0.019 0.425 2.943 13.520 0.486 0.243
7 40,228. 1 0.036 0.452 5.65 2 11.903 0.546 0.249
8 38,789.0 0.003 0.506 0.543 11.346 0,60 1 0.272
9 38,654.9 0.02 1 0.511 3.343 9.987 0.601 0.269

10 37,826.5 - 0.544 - 9.372 0.633 0.281

4 1
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D. DESCRIPTION OF CLUSTER ANALYSIS DOCUMENTATION

This subsection gives a br ief descript ion of the pr intouts  available from an analysis
program that was run on the output  data fro m the en t i re  chu i stering procedure shown in Figure 9
for each of the 34 pattern types. A subset of the available outputs  is presented in Appendix D.
Samples of available pr in touts  are given in this subsection f’or the scanning pattern l’or reference-
point I for the dig it zero. M INAV E is used to refe r to agglomerative clustering by combining the
two clusters having the m inim n u im average distance b etween all points in the two clusters .
Corespondingly, MINMAX refers to agglomerative clustering by com n bin i m i g t h e  two clusters
having tile nhi niniufl i  maxi mum distance between the two clusters.

I .  Trees

The first type of outpu t  available is a tree (dendogran i ) showing the final joinings or
agglonierations in the hierarchical procedures amid is available for all four branches of the
algorithm shown in Figure 9, Accompanying each dendogra mn is a table showing the values of the
joining criterion for each level and the relationshi p of the criterion values to the dendograni . The
tree-printing subrout ine was adapted from appendix (i of Anderb erg. 32 The tree for the
MINAV E hierarchica l clustering using all samples is shown in Figure 1 5 for the joining criteria
values in Table 6.

2. Parameter Comparisons

The second type of out tpu i t  t’rom the analysis program gives the values of the six criteria
described in Subsection IV.C , the values of the errors durimi g the agglomerative clustering , and
the numb er of iterations required in the iterative optimization to reach the final partitions. The
conditions for each of the para m eter comparisons produced and a reference to the figure
showing an example of that  comparison are listed below:

M INAVE , all points; pre- to postiterative optimizatio n comparison (Figure 16)

MINAVE , outliers discarded ; pre- to postiterat ive comparison (Fi gure 17)

M I N M A X , all points ; pre- to postiterative optimization comparison (Figure 18)

MINMAX , outliers discarded ; pre- to postiterative comparison (Figure 19)

Preiterative optimization , all points; MINAV E to MINMAX comparison (Figure 20)

Postiterative optimization , all points ; MINAV E to M INMAX comparison (Figure 21 ).

3. Consistency Tests

The class assi gnments obtained using the MINAVE and the M INMAX hierarchical
clustering procedur es after iterative optimization are compared for the number  of clut sters rang ing
from 2 to FN ( 10). This comparison is in terms of two comitingency matrices sumch as shown in
Figure 22 for 10 classes after iterative optimization. This output firs t lists the m embers of each
class for the itera tively optimized results of ’ the MINAV E agglomerative clusterim ig followed by
those from the MI NMAX agglomerative clustering. ‘Fhe First com iting ency table then compares the

32 M R  Anderherg , Cluster A nalysis for App lieatio~ms , Academic Press (New York , 1973) .
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TABLE 6. CRITERION VALUES FOR TREE FOR FIN AL 24 STAGES
OF MINAV E AGGLOMERATIVE CLUSTERI NG OF ALL (166) SCANNING

PATTERNS FOR FIRST REFERENCE POINT OF DIGIT “ZERO”

Class Criterion

Stage I J Absolute Relative

16 22 403.692 1
2 7 23 406.000 I
3 2 6 408 .7 10
4 7 IS 414.500
5 10 19 414.750
6 9 2 1 418,000 2
7 I 11 4 19 .967 2
8 9 18 429.875 3

9 13 20 439.000 3
10 2 3 44 1, 115 3
I I  4 8 4~ l .2 50 5
12 14 16 462 .7 14 5
13 1 12 464.74 2 5
14 I 2 488.888 7
15 I 5 509.195 9
16 I 10 527. 1 24 10
17 4 24 530.000 10
18 1 14 538.098 11
19 4 25 542.947 11
20 I 13 573.328 14
21 I 9 626.332 18
22 I 7 655.048 20
23 4 17 664.150 20
24 1 4 729.398 25

members of the classes from each partition , with each entry in the table showing the number of
points that are members of both classes. The second contingency table compares data points in
pairs for joint membership or lack of’ joint membership in the same class. In particular , if two
data - items are in different classes in a partition , this fact is denoted by a I in row or column I .
Otherwise , a I appears in row or column 2. Hence , the (2 ,2) entry in the contingency table
indicates how many pairs of the N(N — 1 )/2 pairs of points are in the same class for both
partitions , and the ( I  , I )  entry indicates how many of the pairs are in different classes for both
partitions.

Ideally, for both contingency tables , all off-diag~ nal elements will be 0. Hence, a measure
of the closeness of the two partitions in both cases is the sum of the diagonal entries divided by
the sum of all the entries in the tabl e IN for the fi rst table and N(N --1) / 2  for the second
table J .
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F D J A L  24 S T A G E S  OF T R E E  F K O M  AG~~LOM E~~A T 1V L  CLUS T~~~ ING
(MI NA VE ) OF SCA &4~ 1NG PA I T E ~U~S FOQ D I G I T:  ii, k~ F P T :

NU M ID 5 10 15 20 25
13 16 — I

I I
3 22 —I I I

I I
7 14 I I

I
‘I 10 —I I — — — — — I

I I I
1 19 —! 1 I

I I
31 2 — I  I I

I I
5 6 — I  I I I — I  I

I I I I
13 3 I I — — — I  I —I

I I I I
30 1 — — — I  I I I 1

I — — — — — I  I I I I
I 11 — — — 1  1 — — — !  I— I I

I I I I
7 12 I I I I

I I I
10 5 I I I — — — !

I I I
1 13 I I I I

I I I I
2 20 I I I

I I
2 9 — — — I  I I 

I—I I I
6 21 — — — I  I I I

I I
1 18 I I

I
3 7 — I  I

I I
1 23 —I I

1 15 —! -

2 ‘4 ——————— I I
16 8 I I—I

I I
1 24 I I I

I I
1 25 J 

4 17 I
NUM ID 5 10 15 20 25

Figure 15. Tree for Final 24 Stages of MINAVE Agglomerative Clustering of All
(166) Scanning Patterns for First Reference Point of Digit “Zero ”
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S T A T I S T I C S  FOK f lG IT :  0; REF PT ;  1; rgo OF D A T A  P18 ; lbb
MIN AVE A GE LO M C LUS T Em ~ING ; 23 FE87 i

PRE AND Pt)ST I T E R A T I V E  O P T I M I Z A T I O N  FOR MI~4 JE
N O OF J E ( C ) — J E ( C + 1 )

C ERR ITE RS JE ( : T R ( w ) )  / J E ( C )  T K ( t f ) / T R ( ~~
)

PR E POST PR E POST ~~~ P O S T
1 0 . 0  0 46284 .8 46284 ,9 v.121’ v .125 0 . 0 0 0  0 ,000
2 7 2 9 . 4  8 4 0 7 3 0 . 9 40504 .1 0 .034  0.118 u.13h (i.143
3 664 .1 80 39361 . 8 35711 . 4 0.032 0,057 0 .17o 0.296
4 655.0 93 38118.8 33671.6 0.050 0.061 0.214 0.375
5 626.3 139 36216.8 31628.2 0.016 0.036 0.278 0.463
6 573.3 124 35626.9 30504 .0 0 .011 0.046 0.299 0.5 17
7 542. 9 141 35252.2  29 106 . 6 0 .066  0 .033 0 . 3 13  0 .59 u
8 538 .1  96 32933 . 0 28154 .5 0 . 0 1 1  0 . 0 2 7  0. 40~ 0. 644
9 530 .0  80 32559 .9 2738 5 . 4 0 .0 24 0 .0 1 8  v . 422 0 .690
0 5 2 7 . 1  75 3176 8 .7 2690 2. 9 0. 0 4 0* * * * * * *  0. 4 57 0. 720
1 509 .2 —1 3048 6 . 6* * * * - * * * *  0 .092  0. 000 J . 5 1~3 — 0.000
2 488. 9 — 1 2 76 6 8 .6* * * * * * * *  0 . 04 1  0 . 0 0 0  0 . 6 7 3  —0 .000
3 4 64 . 7  — 1 2 6 5 42 .2 * * * * * * * *  0 . 03 1  0 .000  0 . 7 4 4  — 0 . 0 0 0
4 4 62 .7  — 1 257 24 .7* * * * * * * *  0 .0 17 0 .000  0 . 7 9 9  — 0 . 000
S 4 6 1 .3  —1 25276. 9* * * * * * * *  0 .053  0 .000  0 .83 1 — 0 . 0 0 1 )
6 4 4 1 . 1  — 1 2 3 93 4. 5a * * * * ** *  0 .0  0 0.Out)  0.934 —0 .000
7 439 .0  — 1 2 3 7 0 3 .2 * * * * * * * *  0 .0  1 0.000 0.953 —0 .000
8 429.9 —1 23454.0******** (3 .0 1 0.000 0.973 — 0 .000
9 420.0 —t 23186.8** ****** 0.0 6 0.000 0.996 — 0.000

20 418.0 —1 22808.2******** 0.0 U 0.000 1.029 —0 .000
21 414.8 —1 22570 .3** ****** 0.0 U 0.000 1.0~~1 —0.00 0
22 4 1 4 . 5  — 1 2 2 3 4 3 .0 * * * * * * * *  0 ,02 7  0 .000  1 .0 72  — 0 . O O u
23 408.7 —1 21729 . 7* * * * * * * *  0.011 0 .000  1.130 — 0 . 0 0 0
24 406.0 — 1 21497.5******** (1 .018 0.000 1 .153 —0. 000
25 403 .7 —1 2 1 I l ~4 .8*************.* 0.000 1.192 —0.OOo

C(N—C)T R (~~) (N— c ) au~~LJ~ (N— c )*TR (b)
C /2N (C— 1 )TR (~~) 8TL ’S S IGMA / J E ( C )  / ( C — 1 ) * T R ( t ~)

PRE POST PPE POST P 1~t PUS’I
1 0.000 0.000 0.000 0.000 19.799 20.608 0.000 0.000
2 0.135 0.1 41 0.579 0.499 5 .512 19.406 22.363 2.5.406
3 0.130 0.218 .042 0.614 5 .147 9.310 14.334 24 .131
4 0 .139 0 .244 .114 0.S1b 8.083 9.831 11 .568 20.228
5 0 .169 0 .28 1 .153 0 . 644  2 .622 5. 123 11.189 18.b 52
6 0 .173  0 .299 .061 0 .66 b 1 .683  7 .3 30  9 .573  16.~~55
7 0 . 175  0 .330 .409 0. 702 l u .4 60 5 .20 1 ~.293 15. 640
8 0.22 1 0 .350 .327 0 .7 7 2  1 .790  4 .SI b 9 .151 14 .535
9 0 .224 0.367 .670 0 .7 9 7  3 .8 15 2. 766 ~.273 13.~~44

10 0.239 0.376 .585 0.864 6.296******* 7.920 12.488
11 0.2b 6—0 .000 •533******** 14.327 0.000 8.032 — 0.OU u
12 0 .340—0 .OuO •479******** 6.~’7 0 0.uuu 9.420 — 0.000
13 0 .371— 0 .0 00 •505***a*.** 4.712 0.000 9.484 —0.000
14 0.394—0.000 .517******** 2.646 0.000 9.345 —0.000
15 0.405—0.000 .504****a*** 8.019 0.000 8.9b4 —0.000
1 6 0.450—0.000 •493******** 1.450 0.000 9.338 —0.000
17 0.454—0 .000 .664******** 1.566 0.000 8.872 —0.000
18 0.459—0.000 .886******** 1.687 u.OoO 8.415 — 0 .000
19 0.466—0.000 2.063***a**** 2.400 u.uOO 8.135 —0 .000
20 0.476—0 .000 2.121******** 1.523 0.000 7.909 —0.000
21 0.482—0.000 2.301******** 1.460 u .0UU 7.618 —0 .000
22 0.487—0 .000 2.458******** 3.953 0.000 1.348 —0.000
23 0.509—0.000 2 .392***-***** 1.528 0.000 1.345 — 0 .000
24 0.515—0 .000 2.603******** 2.528 0.000 7 .119 — 0 .000
25 0.527—0 .000 2.554**a***** ******* 0.000 7 .003 — 0.000

Figure 16. Parameter Comparisons for Pre- and Postiterative
Optimization of MINAVE Partit ions Using All Points
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STATISTICS FOR OIGIT : u; R~.F PT; 1; NO Of U A T A  PTS: 1~~8M I N A V E  A G G LOM C LUS tE R IN G; 23 FEB 7 9
PRE AND POST ITER A T I V E  0 PT IMIZ ATIO ~ FO R M 1 ’ 1  JE

NO (iF J E ( C ) — J E ( C + 1)
C ERR I T EW S  JE ( TR (~~) )  /J E ( C )  T R (~~) / T R ( .~)

PR E PUST PRE POSE Pk~ PO s E
1 0.0 0 42925.1 46284 .9 0.124 v .193 0.000 0.000
2 71 8.9 7 37601.3 37357.9 0.027 0.118 0.142 0.239
3 681 .5 79 36595.8 32946 . 4 0 .038 0 . 06 7  0 . 1 7 3  0, 405
‘4 651.6 101 35214 .9 30736 .0 0 ,079  0 .059  0 .21 9 0. 506
5 562.4 83 32448 .7  28913 .1  0 .076  0.043 0 .3 23  (‘ .601
6 536.4 74 29969.3 27657 .9 0.042 0. 029 0. 432  0. 673
7 497.6 56 28697.2 26863.4 0.030 0.035 v .496 0.723
8 477.1 62 27835.6 25 914 .2 o.037 0. 057 0. 542 0. 78 b
9 47 2,6 65 268 19.1 24448 .6  0.u 17 0 . 03 3  U . b O l  0. 893

10 461.3 73 26371.3 23648.0  0 .0 14 * * * * * * *  u. 62 ’3 0 .957
11 451.4 — 1 26008.9******** 0.085 0.000 (.1 .650 — 0 , 0 0 0
12 447.5 —1 23792 .7******** 0.o32 0.000 0.8U~.e — 0 .Q00
13 437.0 — 1 23037.6******** 0.024 0.000 0.863 —0 .000
14 435.2 — 1 22489.4******** 0.017 0.000 0.9u9 — 0 . u O O
15 418.0 — 1 22110 .8******** 0.028 0.000 0.941 —0 .000
16 408 .7 — 1 214 97 . 5 * * * * * * * *  0.018 0 .000 o. 997 — 0 . 0 0 0
17 403.7 —1 21114 .8******-* * —0 .111 0.000 1 .033 —0 .000

C (N—C)T R( 8) (N— C )*OE LJ E (\~—C )*1k(b)
C /2N (C— I)TR( ,O 3TL ’S SIG~IA /JE(C) /(C— 1 )*TR (~,)

PR E P051 PRE POSt  PRI POST
1 0 .000 0 .000 0 .000 0.000 19 ,4 72 30 .281 0. Ou() 0 .000
2 0 .133 0.225 0.630 0.552 4.172 18.422 22.067 37.277
3 0.121 0.284 1.040 0.664 5.849 10.399 l3. 40’~ 3 1.37b
4 0.135 0 .313 1 .371  0.636 12.097 9.130 11.239 25.969
5 0.186 0.346 1 .323 0.675 11.690 6.645 12.349 22.980
6 0.238 0.370 1.20 4 0.733 6.452 4.366 13 .142 20.47’4
7 0.263 0.384 1 .130 0.942 4.534 5.336 12.477 1 8.195
8 0.280 0.406 1.130 0.976 5.478 8.483 11 .616 1 6.845
9 0.303 0.451 1.150 0.921 2.488 4.879 11.185 16.635

10 0.311 0.474 1.173 1 .113 2.034******* 10.322 15.741
ii 0 . 3 1 7 — 0 . 0 0 0  1 . 20 3* * * * * * * *  12,526 0 .0 00  9. 561 — O . v O O
12 0 . 3 8 6 — 0 . 0 0 0  1e 17 6 * * * * * * * *  4 .634  v . 0 0 0  10 .673  — v . 0 0 0
13 0 . 4 0 8 — 0 . 0 0 0  1 . 2 0 1* * * * * * * *  3. 450 0 .000  10 .4.51 — 0 . u O O
14 0.424—0.000 1.1 86******** 2.424 0 .0 0 0  10.065 — 0 . 0 0 0
15 0.434—0.000 1.285******** 3.967 0.000 9.61 5 —0.OO t)
16 0.455—0.000 1.280******** 2.528 0.000 9.436 —0.0 00
17 0 . 46 6— 0 .000  1 .296* * * * * * * *  — 1 5 . 6 2 1  0 .0 00  9 .1 0 3  — 0 . 0 0 0

Figure 17. Parameter Comparisons for Pie- and Postiterative
Optimization of MINAVE Partitions With Outliers Discarded
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ST ATISTICS FOW DIGIT: U ; 4~ F ~T: 1 ; i~O OF O A T A  PTS : 166
MINMA X AGGLOM CLUSTIRING ; - 23 FE8 79

PRE A ND POST ITEf ~A T I V E  O P T I M I Z A T I O N  FOR M IN JE

NO OF JE(C )— JE( C+ 1 )
C ERR ITERS JE (:TR (~~)) /JE (C ) Tk (B )/TR(~~)

PRE POST PRE POST PRE POST
1 0.0 0 46284.9 46284.9 0.075 0.133 0.000 0.000
2 1421.0 54 42816.1 40134 .8 0.139 0 .110 0.081 0 .153
3 1331. 0 23 36874 .7 3573 4.2 0.024 0.056 0.255 0.295
4 1091. 0 76 35985.7 337 36.4 0.049 0.060 0.286 0.372
5 1020.0 84 34206 .1 31726 .3 (1 .045 0.044 0.353 0.459
6 976.0 114 32673.8 30345.3 0.046 0.019 0.417 0.525
7 862.0 44 31180.5 29771. 7 v .028 0.047 0.484 0.555
8 855.0 68 30303.8 28361.9 0.034 0.038 0.527 0.632
9 844.0 60 29264.5 27293.4 0.028 0.029 0.581 0.b9b

10 805.0 48 28472.8 26491 .2 0.038******* 0.626 0. 747
11 804.0 — 1 2 7 39 7 . 5 * * * * * * *e  0 .027 0 . 0 0 0  0. 689 — 0 . 0 0 0
12 785.0 — 1 26647 .0******** 0.041 0 . O O u  0.737 — 0.1)0 0
13 756.0 —1 25557 .7******** 0.023 0.000 0.811 —0.000
14 712.0 — 1 24964.9******** 0.o19 0.000 0.854 — 0 . 0 0 0
15 684.0 —1 2~4492.6******** 0.035 0.000 0.890 —0 .000
16 682.0 —1 23628.7******** 0.024 0.000 0.959 — 0 .000
17 678.0 — 1 23068.7******** 0 .04 0  0 .000  1 .006  — 0 . 0 0 0
18 678.0 —1 22152.5******** 0.027 0.000 1.089 —0.000
19 606.0 — 1 21544 .2******** 0.014 0.uOQ 1.14~ — 0 .000
20 597.0 —1 21245.6******** 0.016 0.000 1.179 — 0.000
21 593.0 — 1 20908.4******** 0.017 0.000 1.214 — 0,000
22 584.0 — 1 20545.1******** 0.029 0.000 1.253 —0 .000
23 571.0 — 1 19946.S******** 0.020 0.000 1.320 — 0 .000
24 553.0 — 1 19543 .8******** 0.028 0.000 1.368 —0.000
25 537.0 — 1 19000.4*************** 0.000 1.436 — 0 . 0 0 0

C(N— C)TR(8) (N—C) *DELJE (~I— C)*T R( ~~)
C /2N (C—1 )TR (~~) BTL ’S SI(~M A / J E ( C )  / ( C — 1 ) * T R ( ~~)

- - PRE POST PRE POST PRE P OST
1 0.000 0.000 0.000 0.000 12.366 21 .924 0.000 0.000
2 0.080 0.151 0.167 0.305 22 .757 17.982 13.286 25 .131
3 0.188 0.217 0.545 0.627 3.930 9.113 20.798 24 .063
4 0.1 86 0.242 0.685 0.633 8.002 9.652 15.455 20.086
5 0 .214  0 .278  0 .696 0. 622 7 .2 21 7 . 0 0 8  1 4 .2 1 0  18. 4 70
6 0 .241  0 .3 04  0. 701  0. 663 7 . 3 1 3 3 .u24 13 .330  16. 809
7 0.271 0.310 0.696 0.816 4.47 1 7.53 0 12.837 14 .698
8 0.287 0.344 0.683 0.839 5 .314 5.952 11. 903 14 .264
9 0.309 0 . 3 7 0  0. 764 0. 880 4 .3 52 4 . 6 1 4  11. 393 13. 656

10 0 .3 27 0 .390  0. 794 0 .89 1 5 .89 1* * * * * * *  10, 64 3  12. 95 1
11 0.354—0 .000 0.999***-* -**** 4.246 0.000 10.685 —0 .000
12 0.373—0.000 1 .067-******** 6.296 0.000 10.317 — 0 .000
13 0. 40 5 — 0 . 0 0 0  1 . 08 8* * * * * * * *  3 ,54 9  0 .0 0 0  10 .34Q — 0 . 000
14 0.421—0.000 1 .108******** 2.876 0.000 9,98) — 0 .000
15 0.434—0 .000 1.138**a***** 5.326 0.000 9.597 —0.000
16 0.462—0.000 1.187******** 3.555 0.000 9.588 —0 .000
17 0 . 4 8 0 — 0 .0 0 0  1 . 1 69* * * * * * * *  5. 918 0 .000  9.3 72 — 0 . 0 0 0
18 0.514—0.000 1.215*******a 4 .0 64  0.000 9.484 —0 .000
19 0.537—0.000 1.223******** 2.038 U.Q00 9.378 —0 .000
20 0.546—0.000 1.253******** 2.317 0.000 9.056 — 0 .000
21 0.557—0 .00 0 1.428******** 2.519 0.000 8.799 —0.000
22 0.569—0.000 1.610******** 4.195 0.000 8.591 —0 .000
23 0.595—0.000 1.594******** 2.887 0.000 8.583 —0 .000
24 0 .611—0 .000 1.628***e*-*** 3.948 0.000 8,448 —0 .000
25 0.635—0 .000 1.616******** ******* 0.000 8,436 —0 .000

Figure 18 . Parameter Comparisons for Pie- and Postiterative
Optimization of MINMAX Partitions Using All Points
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S T A T I S T I C S  FOR D I G I T :  0~ REF P T~ 1~ NO 1) 1- U A T A  Pis :  164
M INMAX A G G L O M C L u S T E R I NG ;  23 F Eb7 9

PR E A ND POST I T E R A T I V E  3 P J I M I Z A T I O t ~ FOR M1r ~ JE

NO OF J E ( C ) — J E ( C + t )
C E~ W h ER S JE (~~T R (~~) )  / J E ( C )  Tl~~8 ) / T R ( t ~)

PRE POS T PRE POST PRE PIJ~~T
1 0 .0  0 45 290 . 7 46 284 .9 0 .0 77 0 .152  0 . 0 00  0 . 0 0 0
2 

- 
1 421.0 53 4 1788 .0  39270 . 7 0 .135 u.109 0 .084  0. 179

3 1331.0 24 36134 .4 34983.8 0.049 0.066 0.253 0.323
4 1020.0 49 34356 .9 32676.7 0.045 0.052 0 .318 0.416
5 976.0 53 32822 .5 30969.4 0.045 0.041 0 .400 0.495
6 862.0 43 31329 .2 29693.0 0 . 04 4  0 . 0 4 3  0. 448 0. 559
7 857.0 49 29961.7 28428.1 0.029 0.043 0 .512 0.b2 6
8 855.0 75 29085.0 27213.1 0 .035 0 .035  0. 557 0. 701
9 844 .0  60 28065 . 7 262 54 .5 u. o29 u. v 3 1  0 .6 14  0 .763

10 805.0 44  27254 .0 25428 .2  0 . 02 8* * * * * * *  0.6b2 0 .820
11 785.0 — 1 26503 .5******** 0.O~i1 0 .000 0.709 — 0 .000
12 756.0 —1 25414 .2******** 0.023 0.0 (10 0.782 —0. 000
13 712.0 —1 24821 .4******** 0.019 0.000 U.825 —v .000
14 6814.0 —1 24349.1******** 0.035 0.000 0.l~60 — 0. 000
15 682.0 —1 23485 .2******** 0.024 0 . v 0 0  0. 92’~ — 0 . 000
16 678 .0 —1 22925.2******** 0.040 0.000 0,976 — 0 .000
17 678.0 — 1 22009 .0******** 0.025 0.000 1.056 — 0 . 0 0 0
18 643.0 1 21452 .0******** 0 . 0 28  0. 000  1.111 — v . 0 0 0
19 606.0 —1 20843 .7******** 0 .014 0.000 1 .173 — 0 .000
20 597.0 — 1 20545 .1******** 0.029 0.000 1.204 — 0.000
21 571.0 — 1 19946 .S******** 0.020 0.000 1.271 —0.000
22 553.0 — 1 19543 .8******** 0.028 0 . 0~~1) 1. 3 17 — 0 . 0 0 0
23 537.0 — 1 19000.4******** —0. 029 0.000 1.384 —0. oOO

C ( N — C ) T R ( B)  ( N— C ) * D E L J E  ( ‘ 4 — C ) * T R ( 8 )
C / 2 N ( C — 1 ) T R ( ~~) B T L ’ S  S IG MA / J E ( C )  / ( C — 1 ) * T R ( ~~)

PR E POST PRE POST PR~. POST
1 0.000 0 .000  0 .000  0 .000  12. 606 24 .702 0 .000  0 .000
2 0.082 0.174 0 .172 0 .305  21. 9 17 17 .6 84  13. 579 26. 935
3 0.184 0.235 0.573 0.545 7.920 1u.b 18 20 .398 26 . 0 05
4 0.204 0.268 0.567 0.620 7.145 8.359 16.973 22 .211
5 0.227 0.296 0.572 0.649 7.234 8.553 15.100 19 .b58
6 0.254 0.319 0.5714 0.57b 6.897 6.731 14 .082 11 .o57
7 0 .282 0 .347  0 .866 0. 742  4 .594 6. 710 13.387 16. 436
8 0. 299 0 . 3 7 6  0 .820 0. 83 2 5. 467 5. 495 12. 4 17 15. 619
9 0.3 22 0 .401 0.899 0 .846  4 .483 4 .878 11. 891 14 .782

10 0 .341 0. 4 23 0 .9 11 0 .897  4 .2 141******* 11 .324 14 .035
11 0 .359—0.000  0.98 5* - * * * * * * *  6 .289 0 .000  10. 845 — u . 0 0 0
12 0 .391—0.000  1 . 0 0 7* * * * * * * *  3 .545 v . 0 0 0  10. 807 — 0 . 0 0 0
13 0 . 4 0 6— 0 . 0 0 0  1.0 2 8* * * * * * * *  2 .873  0 .000  10.377  — 0 . 0 0 0
14 0.418—0.000 1.068******** 5.322 0.000 9.924 —0 .000
15 0.446—0.000 1.118******** 3.553 0.000 9.882 —0 .000
16 0 .464—0.000  1. t 0 5* - * * * - * * * *  5.9 15 0 .000 9 .626 — 0. 000
17 0 .498— 0.000  1. 15 2* * * * * * * *  3 .720  0 .000 9 .7 19 — 0 . 0 0 0
18 0 . 5 1 7 — 0 . 0 0 0  1 . 25 7* * * * * * * *  4 . 14 0  0 . 0 0 0  9 .544 — 0 . 0 0 0
19 0 . 5 4 1— 0 . 0 0 0  1 .2 6 3* * * * * * * *  2 . 0 7 7  0 .0 0 0  9 ,448 — 0 .0 0 0
20 0.550—0.000 1.293******** 4.1 95 0 .000  9 .128 — 0 . 0 0 0
21 0 . 5 7 5 — 0 . 0 0 0  1 . 2 8 7* * * * * * * *  2.887 0.000 9.085 —0 .000
22 0.590—0.000 1 . 3 2 9* * * * * * * *  3 . 94 8  0.000 8 .908 — 0 . 0 0 0
23 0 . 6 1 4 — 0 . 0 0 0  1.326******** — 4 .033 0.000 8.868 — 0.000

Fig ure 19. Parameter Comparisons for Pre - and Postiterative
Opt imization of M I NMA X Partit ions With Outliers Discarded
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ST ATISTICS FOR D IGIT: 0; ~~F Pr : 1 ; NO OF O A T A  Pis : lbb
M I N A V E  A N O  M I N M A X  AGG L OM C L U S T E R I N G  23 ~E879PIlE I T E R A T I V E  J PT I M I Z A T I O 1’ FO R MIi~ J E

JE (C)  —J E (C+1 )
C ERR JE ( :T~~(~l ) )  / J E ( C )  T R ( 8 ) / T R ( ~~)

AVE M A X  A V E  M A X  A V E  M A X  AVL ~1A X
1 0 . 0  0.0 462 84 .8 45 284 .9 0 .120  (( .07 5  0 . 0 00  0 .0 0 0
2 729.4 1 421.0 4 0 7 3 0 . 9 42816 .1 0 .0 34  0 .139 0 . 138  0. 08 1
3 664.1 1331.0 39361.8 36874 .7 0.032 0.024 0 .llb 0.255
4 655.0 1091. 0 38118. 8 35985.7 0 .0 50  0 .049  0 .214  0 .2 86
5 626.3 1020.0 36216.8 34208.1 0,016 0.045 0 .278 0,i53
6 573.3 976.0 35626.9 32673 .8 0 .011 U . 04 b  0.299 0.417
7 542.9 862.0 35252.2 31180.5 0.066 0.028 0.313 0.~~848 538.1 855.0 32933. 0 30303. 8 0 .011 0.034 0.405 0.527
9 530.0 844.0 32559 .9 29284 .5 0.024 v .028 0 .422 0.581

10 527.1 805.0 31768. 7 28472 .8 0 .040 0.038 0.457 0.b26
11 509.2 604 .0 30486.6 273 97 .5 0.092 0.027 0.518 0.659
12 488.9 785 .0 27668.6 26647 .0 0 .041 0.041 0.67 3 0.737
13 464.7 75b .0 26542.2 25557 .7 v.0 31 v.023 0.744 0.811
114 462.7 712.0 25724 .7 24964.9 0 .u17 0.019 0.799 0.854
15 461.3 684 .0 2527 6.9 24492.6 0.053 0.035 0.831 0.890
16 441.1 682 .0 23934 .5 23628 .7 0 .010 0.024 0.934 0.959
17 439.0 878.0 23703.2 23068 .7 0 .011 0.040 0.953 1 . 00 6
18 1429.9 678 .0 2314514.0 22152 .5 0.011 0.027 0.973 1.089
19 420.0 606.0 23186 .8 2154 4.2 0.016 0 .014 0.996 1 .148
20 418.0 597.0 22808 ,2 21245.6 0.010 0.016 1.029 1 .179
21 414.8 593.0 22570.3 20908.4 0.010 0.1)17 1.051 1.214
22 41 4.5 584 .0 223 43.0 205145.1 0.027 0.U?9 1.012 1.253
23 408.7 511.0 21729 .7 19946 .5 0 .011 0.020 1 .130 1.320
24 1406.0 553.0 21497 .5 19543.8 0 .018 0. 028 1 .153 1.368
25 403.7 537 .0 21114 .8 19000. 4************** 1.192 1.436

C( N— C )TR(a) (N—C )*DELJE ( ‘ J — C ) * T R ( 8 )
C / 2 N ( C — 1 ) T R ( 8 )  B T L ’ S  S IGMA / J E ( C )  / ( C — 1 ) * T R ( ,~)

A V E  M A X  AVE M A X  A V E  M A X  AVE M A X
1 0 . 0 0 0  0 .000  0 . 0 0 0  0 .0 0 0  19 ,559 12. 216 0 .000 0 . 0 0 0
2 0 . 1 3 3  0 . 0 7 9  0 . 5 7 9  0 . 1 6 7  5 .4 4 5  22. 480 2 2 . 09 0  13 .124
3 0.128 0.186 1.042 0 .545 5 .084 3.88 2 1 14 . 158  20 .54 3
‘4 0 . 1 3 8  0. 1-8 4 1 . 1 1 4  0. 68 5 7 . 984 7 . 903 11, 4 25 15 .2 6 14
5 0. 166 0 . 2 1 1  1 . 1 5 3  0. 596 2 .590  7 . 1 3 2  11. 050 14 .033
6 0 .1 71 0 .238  1 . 0 6 1  0. ’ 01 1. 66 2 7 .221 9 .453  1 3 . 1 6 1 4
7 0 . 1 7 3  0 .2 6 7  1. 14 09 0 . 698  10 .329  4 .4 14  8 . 16 9  12. 616
8 0. 218 0 .283  1 .327  0. 683 1 .76 8  5 . 24 7  9 .035 1 1. 753
9 0. 22 1 0 .3 0 5  1, 6 70  0. 764 3. 766 14 ,296 8 . 16 7  1 1 .2 4 6

10 0 .235 0.322 1.585 0. 794 6 .215 5.818 7 .819 10 .70 14
11 0 .263 0. 349 1.533 0. 999 14 .14 2 4 .191 1.929 10, 5148
12 0 .3 36 0 .368  1. 479 1 .067  6 . 1 88  6. 214 9 .29 7  10 . 18 3
13 0.366 0,400  1.505 1.0 88 ‘4 ,851 3.502 9.360 10.205
1-4 0 .389  0.416 1 .517  1 . 1 08  2 .6 1 1  2. 838 9 .222 9. 854
15 0 .4 0 0  0. 1428 1. 504 1 .1 38  7 . 9 1 3  5 .256 8 . 84 5  9 ,469
16 0.444 0.456 1.493 1 .187 1. 143 0 3.507 9.214 9.461
17 0.448 0.473 1.664 1.169 1 .545 5.838 8.753 9.246
1 8 0.453 0.507 1.886 1 .215 1.6614 4.009 8.360 9.356
19 0 .459 0 .529 2 .063 1.223 2 .367  2 .010 8.025 9 .251
20 0.410 0.53 8 2.127 1.253 1.502 2.285 7 .801 8.932
21 0.475 0.549 2 .301 1.428 1.4140 2,485 7 .512 8.678
22 0.480 0.561 2.458 1 .610 3.898 4 .137 7.2146 8,472
23 0.502 0.586 2 .392 1.594 1.506 2.847 7 .242 8. 146 3
24 0.507 0,602 2.603 1.628 2.492 3.893 1 .018 8.329
25 0.520 0.626 2.554 1.616 * * * * ** ** * a * * * *  6. 904 6.317

Figure 20. Parameter Comparisons for Pre iter ative Opt imiiat ion
of M INAVE and MINMAX Part itions Using All Points
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STATISTICS F O R  D IGIT : 0~ ~~~ P T :  i NO OF U A T A  t’Is: ibI,
M I N A V E  AND M I N M A X  A G G LO M CL. U S T E R I N G  23 FE879

POST I T E R A T I V E  J P T I M I I A T I O N  FO R Mj i~ JE.

NO OF J E ( C ) — J E ( C + 1 )
C ITERS JE (:TR (~~)) /JE (C) T R ( b ) / r R ( n )

AV E M A X  A V E  M A X  A V E  M A X  A V E  MA X
1 0 0 46284.9 46284 .9 0 .125 0.133 0. 1)00 0. 000
2 8 54 40504.1 4013 4 .8 v .11 8 0 .110 0 .143 0 .153
3 80 23 35711. 4 35734 .2 0.057 0.056 0.296 0.295
4 93 76 3 3 6 7 1 .6  3 3 7 3 6 . 4 0 .0 61 0 . 0 60  -0 . 375 0 . 3 7 2
5 139 84 3 1 6 2 8. 2  3 1 7 2 6 . 3  0 . 038  0 . 0 4 4  0. 4 b3 0. 459
6 124 114 30504 .0 3 0 34 5 . 3  0 ,0 4 8  0 . 0 1 9  0 .5 1 7  0 ,525
7 141  44 2 9 1 0 6 . 6  2 9 7 7 1 . 7  v . 033  0 .0 4 7  0 . 59 0  0 . 5,5
8 96 68 28154 .5 28 3 6 1 . 9 0 .0 2 7  0. 038  0. 644 0.632
9 80 60 27385 ,4 272 93.4 0.018 0 .02 9  0. 690 0. b96

10 75 48 26902 . 9 2 6 4 9 1 .2 * * * * * * * * * * * * * *  0. 720  0. 7 4 7

C ( N — C ) T R ( B )  ( N— C ) * D E L J E  ( N — C ) * T R ( 8 )
C / 2 N ( C — 1 ) T R ( 8 )  81L’S SIt ’4 A / J E ( C )  / ( C — 1 ) * T R ( ~~)

A V E  M A X  A V E  M A X  A V E  MAX A V E  t~j A X
1 0 .000  0 . 0 0 0  0 . 0 0 0  0 . 0 0 0  2 0 .3 5 8  21 .659  0 .0 0 0  0. 000
2 0 . 1 3 9  0 , 1 5 0  0. 499 0 .30 5  19 .169 17 .763  2 3 . 12 1  24 .824
3 0 .2 1 5  0 .2 1 5  0.61-4 0 ,627 9 ,196  9 .0 0 1  23. 835 23 . 7 6 8
4 0.241 0.239 0.616 0. 633 9 .7 10 9.533 19. 979 19 .838
5 0 .2 7 7  0 . 2 75  0 . 64 4  0 .6 2 2  5. 852 6. 921 18 . 420 18 . 24 1
6 0 .295  0 .3 0 0  0 .666  0 . 6 6 3  7 . 23 8  2. 986 16 .3 46  16 .599
7 0 .326  0 .3 0 6  0 ,7 0 2  0 ,8 1 6  5 . 1 3 5  7 . 435 15. 44 3 14 .514
8 0 . 34 6  0 . 3 3 9  0. 772  0. 839 4 .262 5 .8 7 7  14 .iSl 14 .083
9 0 .362  0 .365  0 . 7 9 7  0 .8 80  2 .7 3 1  4 .556 13. 3 7 1  13. 482

10 0 ,3 7 1  0 . 3 8 5  0 .864  0. 89 1 ************** 12.328  12. 7 8 5

Figure 21. Parameter Comparisons for Posti tera tive Op timiza tion
of MINAVE and MINMAX Partitions Using All Points

After all class assignme n ts and contingenc y tabk~s have beeii pri nted , the measure just
described is printed in a sunun ary listing (or the P ar t i t io n comparisons both before and after
optimization ( Figure 23) .

E. OBSERVATIONS ON THE CLUSTERING RESULTS

Since the conclusions to be presented in this subsection have not been proved analyt ical ly
but have only been observed from the clustering results , they are presented as observations only.
However , these observations are made on the basis of the results of clustering 34 different
pattern types , which would imply some generality to the observations.

In investigating the properties of various criteria , it  is first useful to have a measure of the
distribution of the class size , i.e .. wh~ ther most of t h e  samples are in ~nc class or whether they
are evenly distributed in all classes. The measure used was a normalized version of the entropy
given by

I- = ( 1 / FMAX) In ~
- i i )  log2 (ni ni ) (19)

where 
ii =

50
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M INAVE C LASSES
1 2 15 lb 17 22 25 26 27 34 35 38 39 41

47 54 55 74 75 90 91 100 101 102 103 108 126
127 128 133 144 147 149 150 159 165 lb b

2 13 19 21 32 48 49 56 64 72 85 88 98 99
105 1 08 110 111 12 1 148

3 1 11 12 18 24 36 37 45 61 96 97 114 115
129 130 131 136 14 1 145

4 14 52 89 112 113 138 139 155 161
5 9 20 23 28 43 59 70 73 76 77 79 80 81

84 124 125 142 156 158 164
6 1 0 31 78 87 1 07 11 7 1 37
7 33 50 51 53 58 62 63 66 67 71 82 83 86

93 94 1 18 119 151 162 163
8 30 ‘44 46 60 122 132 134 135 140
9 3 ~4 5 6 7 ~ 29 40 42 57 65 68 69

92 95 10” 109 116 143 1-4 6 152 153 154 157 160
10 120 123

M IN MA X CLASSES
1 1 15 16 11 18 22 24 ?5 34 35 ~4 1 ‘15 4 7

54 55 b~j 74 96 lOt) 101 lob 126 128 129 130 131
133 14 4 145 165 166

2 2 26 27 38 39 75 90 91 102 103 127 1-14 6 1 -i’ 7
149 150 159

3 3 4 5 6 7 8 29 40 42 57 65 68 69
92 95 104 109 116 143 152 153 154 157 160

4 11 12 30 36 37 44 ‘46 60 97 114 115 122 132
134 135 136 140 14 1

5 9 20 3 28 ‘43 59 70 73 76 77 79 80 81
84 124 125 142 156 158 164

6 10 31 78 87 107 117 137
7 13 19 21 32 49 56 64 85 99 108 110 1 1 1
8 33 50 51 53 58 62 63 66 67 71  82 83 93

94 118 119 151 162 163
9 48 72 88 9 105 121 123 148

10 14 52 86 89 112 113  120 138 139 155 lb l

c i :  M IN M A X  CLASSES

3 1 5 8 7 10 4 6 9 2

M INA V E 9 24 0 0 0 0 U 0 0 0 1 0
C LASSES 1 0 21 0 0 0 0 ii 0 0 15 1)

5 0 0 20 C) 0 0 0 0 0 0 0
7 0 0 0 19 0 1 0 U 0 o (4
2 0 0 0 0 1 2  u 0 0 7 u 0
4 0 0 V 0 0 9 0 (1 0 0 0
8 0 0 0 0 0 0 9 ii 1) 0 0
b (4 0 0 0 0 0 (1 7 U 0 (4

10 0 0 0 0 0 1 0 n.a 1 0 0
3 0 10 0 0 0 v 9 0 0 ii 0

0 0 (4 0 0 0 0 0 0 0 U

C2 : M IN MAX CLASSES

1 2
MIN AVE 1 11618 332
CLASSES 2 533 1213

F igure 22. Class Assignments and Contingency Tables for Postiterative
Optimization of 10 Classes Using All Points for Reference Point I of Digit 0
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PRE ITtW A F IV E  JP1I’ 4IZATIfl N fOK MJ~ JE
2 6 9 10

ci: u .-440 0.548 0.542 0.536 0.470 ~~• ‘4~ 0.39 2 0 . 4 16 0.434
C2: 0.504 0.620 0.618 0.598 0.573 0.540 0.b’43 0.b’~1 0.676

POST 1TE ~~4TIVE OPT I’sUA TIUN fO)~ MI~ JE
2 3 4 5 6 7 8 9 10

C i :  0.633 0. 964 0 .657 0.795 0.699 (J . b2 7 0.633 0.6,1 0,735

C2: 0.532 0.943 0.736 0.857 0.869 o.87u 0,887 0.899 0,931
Figure 23. Conti ngency Table Measures for Pre- and Postiterative

Optimization Using All Points for Reference Point I of Digit 0

and EMAX = Iog2 c. i h i s  funct ion  is maximum for c equally divided clusters having ti 1 = n/c , and
is m i n i m u m  for Ic 1) n s  = I clusters havin g one cluster n~ (ii — c ~

- 1 )/n i .

()bservathm 1: The fir st observation is experimental  confirmation of the known fact in
cluster analysis that  the minimi z at ion of 

~e’ the sum-of-squared error , favors equal sized clusters ,
an example of which is given in Fi gure B -I .  One demonstration of why this is true is given in
Subsection IV.B. To demonstrate  in another  way, remember that minimizing J~ is equivalent to
maximizing tr SB ,  give n by

tr SB 2n 

~~~~~ 

n~n 1 lI m 1 j f f f l 2  (2 0)

Consider just one of the t erms. Assuming that  the means remain relativel y constant  as points are
changed between class i and class j, it is easy to show that  ni 1 n~ is maxi mwn lor n 1 n~.

The results of the i terative optimi zation based Ofl minimiz ing J~ in fact showed that F ( t h e
normalized entropy ) increased af ter  the optimization as shown by the histograms of F for the
MINAV E agglomerative clusterin g in Figure 24 for the 24 scanning patterns (c 2 through 10)
and in Figure 25 for the 10 recognition patterns ~c 2 through 10).

Observation 2: MINMAX agglomerative clustering favors equal-sized clusters more than
M I NAV I  agglomerative clusterin g. No previous reference to this type of observation could be
found in the clustering l i terature , although many references existed to the “chaining ” that  occurs
in agglomerative clustering when combinin g the two clusters having the minimum min imum
distance between them.

Figure 26 shows the results as histograms of E for both the MINAVE and the MINMAX
agglomerative clusterin g (before iterative opt imizat ion )  for the 24 scanning patterns (C = 2
through 10). The results shown in Figure 27 are the same for the recognition patterns.
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Observation I indicated that  lower J~s (and , hence , larger ~s) result from more equal-sized
clusters . so t hat  two “corollaries ” exist for observation 2. The first is that 

~e for MINMAX
agglomerative c lus ter ing (prei t era t ive opt imizat ion)  is generally smaller than 

~e 
for MINAVE

agglomerative clustering. The second corollary is that , since J~ is usually lower for the M INMAX
agglomeration , the number  of i terat ions is also lower for the iterative optimization of the
M I N M A X  agg lomerat ive clusters. Histograms are not given , but  re fer to the colu m ns for the
number  of i tera t ions  given iii the  10 tables of postiterative optimization stati stics for the 10
recognition pat terns  in Appendix D.

Observation 3: In sp ite of qu i te  different  s tar t ing part i t io ns , the iterative optimization
procedur e app lied to the  M I N A VF  agg lomerat ive clusters and to the M 1N M A X  agglomerative
clusters y ielded s imi la r  part i t i ons.  A measure of si m i l a r i ty  given b y the ratio of the sum of the
diagonal entries of a contingency table divided by the sum of all the entries in the table is shown
in Table 7 for both scanning and recognition pat terns before i terat ive optimization and in Table
~ for  both p a t t e r n  types a l t e r  i te ra t ive  opt imiza t ion .  These similar i ty  measures are for the first
type ot cont ingen c~ tab le  described iii Subsection IV.D.3.

Observation 4: Al though a was larger af ter  i terat ive optimizatio n than before (as it should
he since the  opt imi z at ion cri terion is to minimize  J e,  which is equivalent  to maximizing a), a
almost a lways  decreased for the opt inuiz at io mi  using the M I N A V E  agglomerative beginning parti-
tions and decreased for  abou t  ha l f  the pattern types for optimization using the MINMAX
agglomerative beginning parti t ions.  Plots of 0post I0pre ve rsus apon /a pre are given in Figure 28
for the M I N A V E  clustering and in Figure 29 for the M INMAX clustering for scanning patterns.

Two impor tant  points should be made. The first point is that the a decrease was much
greater for the M J N A V F  case than for the MINMAX case because 0pre was much larger for the
t orn n er . as can he seen b y compar ing  Figure 30 and Figure 3 1 , which show 0pre versus apre f’o~
scanning p a t t t erns  in both cases As a mat te r  of interest,  Figure 32 shows a versus a for
post opt imi/a t ion of the M I N A V E  agglomerative clustering partitio ns , showing that as the ~lusters
approach equal si/es. as happens for the optimizat ion (observation 1), a and a approach the
sa me value. In tact , for  equally divided cluster parti t ions , a = a, as can be seen from the final
two expressions in Subsection IV. C L)y se t t ing  n 1 = n~ = n/ c. The second point to remember is to
temper the  conclusions reached about  the re lat ionship between a and a by the fact that
optimi z a t i on  is wi th  respect to a ( ac tua l ly  ~~ whi le  a is being monitored only. Possibly different
conclusions would be reached it i terat ive optimization were with respect to a with a being
Inoni tored onl y

F. TESTING CLUSTER VALIDITY WITH A PR/OR! INFORMATION
ABOUT DATA

The problem of testing cluster “al idi ty  is a subject that has received very little at tention in
the l i teratur e , probably because of the d i f f icul ty  of the problem. One of’ the few ret~rences is in
I)uda and Hart ,28 who use a h ypothesis t e st i n g approach to test validi ty on the basis of the size
of the reduction in J e .  In the specific example given , they assume mnult ivar ia te  normal distribu-
tions and advance the hypothesis that  the data are actually from one cluster. They then derive
an expression for testin g this hypothesis for J e to a specified significance level.

The approach ta k en in this section is an entirely d i f f e r en t  method for testing cluster
val id i ty .  In the total voice speaker verification final report . ’ descriptions of the characteristics of
the rcf’erencc patterns generated from the clustering al gorithm are given in terms of a prio ri
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M I NA V E ,  P~ E OPTI M; A LL P T S ; 3 ~PW 7 9
10.00  1 * **  * A * a **  *

8 .00 1 * **  a * * ** **  ** *  * **  *
6 .00  I * * *  * * * * ** a*  * * *  * * * * * * * *4 .00 1 * * *  * * * *  * * * *  * * ** ** * * * * *  * * * * * * * * *2.00 I * * * * * * * * * * * * * *a * * * *a * * * * * * * * * * ** * ** *  * *

I I I I I I
2 4 6 8 11)

— 10a ( NOk ~1AL IZ E~ SW4 OF P( I )A L u G 2 ( P ( 1) )
(A) PREITERATIVE OPTIMIZATION

M I NA V E ,  POST O PT I M ;  A LL PTS ; 3 AP i T 9
44.00 *4 2 . 0 0  *
40.00 **
38.00
36.00
34 ,00
32.00
30.00
28. 00
26 .00
24.00
22.00
20.00

8.00 *****6.00
4.00
2.00
0 .00  I *******8.00 1
6 .00  1
4 .00 I * ********2 .00 1 * ** ** ***********I I I I I I

2 4 6 8 10
— 10* ( NO R~IALIZE ~ SU ~4 OF P(I)*LOG2(P( I))

(B) POSTITERAT IVE OPTIMIZATION

Figure 24. Histograms of Normalized Entropy as Measure of Dispersion in
Class Sizes for M INAVE Agglomerative Clustering of Scanning Patterns

information known about the data points  mak ing  up each class. In this  s tudy,  a quan t i t a t i ve
measure is used for the same type of comparison. Specifically, it is assumed tha t  a male / female
division of (lie data is a correct way to separate the data , and then the degree to which the
actual clusters agree with this  assumption is measured. Because of the differenc es in vocal tract
resonances ( forniants ) between males and females , this is a good assumption in most cases
(probably a better assumption tha mu assuming a unimod a l distr ibut ion for the data).  Refe rence to
the total voice final report , however , reveals eases where the data actually cluster on the basis of
other a t t r ibu tes  such as the scanning patterns for the third reference point of “two ” which , since
the formants for /u/ t’or males and females are very close , splits according to context .  Fhis would
su ggest ext endin g the techni que in this subsection to account quant i ta t ive ly  for multiple attri-
butes. This discussion , however , will  consider only the male / female disti i uc tion.
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M I l IAVE,  P~’~E )PTDi ; A LL P15 ; .5 APmO 9
10.00 I *8 .00  I * * *6 .00 I *** * *

4 .00 I * * ** ** *2.00 1 * **  * * * *  * * **  **  * * * * * * ** * ** ** *  * *
I I I I I

2 ‘I 6 5 10
— 1 0 * ( N 0 r ~MA L IZ E~ SU M (IF P (I)*LOt~2(P(J))

(A) PREITERATIVE OPTIMIZATION

MINA V E ,  ,
~ ) ST J PT IM; A LL PTS ; 3 A Pi~79

28 .00 1 *26 .00 j 
*24 .00 I *22 .00 1 *20.00 1 * *18.00 1 * *16.00 I

14 .00 1
12.00 1
10.00 I
8.00 1
6.00 1
4.00 I
2 .00  1

1 ————————— I I ————————— I — — — — “ — — —  I I
2 4 6 8 10

— 1 0 * ( N 0~Q 4 A L I Z E O  SUM OF P( I) * L U& 2( P ( 1) )

(B) POSTITERATIVE OPTIMIZATION

Figure 25. Histograms ~f Nonnalized Entropy as Measure of Dispersion in
Class Sizes for MINAVE Agglomerative Clustering of Recognition Patterns

The proposal is tha t  the average information gained by knowing in which class a point falls
should be reduced by the u priori knowledge of an at tr ibute of that point , if the classes represent
that at tr ibute.  Alter n ately stated , the proposal is that the average uncertainty about the class in
which a point fCll s should be reduced by the amount  of certaint y gained about the class
nuembership, knowing the a t t r ibute  (the sex in this case) . From the information theory literature
(e.g.. Reza 33 ). the average unc er ta inty  is the entropy, given by *

H( c) - ~~~~~p (i) log p( i) (2 1)
i=1

~-‘ r~ .M - Reza , An Introduction to Information Theory. New York: McGraw4tif I, 1961.
‘All logarithms are taken to base 2.
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rIINA V E .  Pi~E D PT I M ;  ALL PTS ; 3 A P t 4 7 9
10 .00 1 * ** * * * * ** *8 .00 I * **  * * * * * * *  * * *  * **  *6 .00 I * * *  * * * * * ** *  * * *  * * * * * * **4 .00 I * * *  * * * *  * * * *  * * * * * * * * * * *  * * * * * * * * *2 .00  1 ************************************ * *I — —— “ — —“  I — — — — — — — — —  I ~~~———— —— —— I ——— — ————— I ————————— I

2 4 6 5 10
— 1 0 * ( N O ~ MA L IZE L )  SLJ~ ~j F P ( 1 ) * L O G 2 ( P ( L ) )

(A) MINAVE AGGLOMERATIVE CLUSTERING

M I N M A X ,  PRE O P T I M ;  A L L P15 ; 3 APm ~7922.00 I *
20.00 I * ***
18.00 I * ***
16.00 I
14 .00 1
12 .00 I * *  * * * ** * *  *
10.00 I * *  * * * * * * *  *
8.00 1
6.00 I ** **************4 . 0 0  I **** **************2.00 I * * * * *  **  * * *  * * * * * * * ** * * * * * * * * * * * *

I I J J
2 4 6 8 10

— 10* ( N O ~ MA L IZE O SUM OF P~~I ) * L O G 2 ( P ( I ) )

(B) MINMAX AGGLOMERATIVE CLUSTERING

Figure 26. Histogram s of Normalized Entropy as Measure of Dispersion in
Class Size for Preiterative Optimization of Scann ing Patterns

MIN A V E ,  PRE O P T I M ; A LL P1-S ; 3 A P W 7 9
1 0.00 1 *
8.00 1 * * *6 .00 I *** * *
4.00 1 * * ** ** *2.00 I * ** **** **** . ** ************** * *

I — — — — — — — — —  I I ~~——— — ~~ ——— I I — —— — ——— —— I2 4 6 a 10
— 1O * ( N O R IAL IZE) SUM OF P ( I ) * L Ut ~~ (P( I))

(A) MINAVE AGGLOMERATIVE CLUSTERING

M INMA X, PRE 3PTIM ; ALL PtS ; 3 AP .~791 6.00 I *14 .00 I **12.00 I **10.00 1 *****8.00 I6.00 I ********4 .00 1 ** *********2.00 I *I —  I I I 1
2 4 6 8 10

— 1 0 * ( N O M M A L I Z E )  -SU M OF p (j)*LU(,2(p (j))

(B) M I N M A X  AGGLOMER A T I V E  C LUSTER I N G

Figure 27. Histogram s of Normalized Entropy as Measure of Dispersion in
Class Sizes for Preiterati ve Opt im ization of Recognition Patterns
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TABLE 7. CONTINGENCY TABLE OF THE FIRST KIND’
RESULTS FOR PRE ITERATIV E OPTIMIZATION

For Scanning Patterns

Ref Contingency Table Ratio for Given Number of Classes
Digit Poin t 2 3 4 5 6 7 8 9 10

O I 0.440 0.548 0.542 0.536 0.470 0.470 0.392 0.416 0.434
0 2 0.663 0.536 0.548 0.373 0.518 0.536 0.524 0.542 0.524
0 3 1.000 0.928 0.934 0.825 0.536 0.500 0.488 0.506 0.416
I I 0.815 0.643 0.655 0.756 0.750 0.720 0.744 0.643 0.643
I 2 0.964 0.833 0.661 0.661 0.661 0.524 0.554 0.357 0.369
2 I 0.929 0.9 11 0.702 0.708 0.452 0.470 0.5 54 0.399 0.399
2 2 0.765 0.756 0.524 0.286 0.500 0.482 0.482 0.583 0.476
2 3 0.6l3 0.82I 0.821 0.7 14 0.744 0.738 0.732 0.804 0.798
3 I 0.858 0.657 0.639 0.509 0.633 0.609 0.533 0.568 0.586
3 2 0.592 0.432 0.438 0.456 0.456 0.604 0.639 0.544 0.533
4 I 0.9 16 0.940 0.725 0.689 0.533 0.533 0.401 0.467 0.467
4 2 1 .000 0.641 0.641 0.641 0.461 0.461 0.551 0.617 0.605
5 I 0.615 0.538 0.544 0.527 0.509 0.669 0.657 0.663 0.675
5 2 0.609 0.396 0.391 0.391 0.556 0.604 0.556 0.65 1 0.639
6 I 0.970 0.707 0.719 0.551 0.527 0.587 0.611 0.557 0.563
6 2 0.569 0.575 0.389 0.587 0.593 0.581 0.479 0.473 0.533
6 3 0.665 0.563 0.671 0.599 0.539 0.581 0.539 0.551 0.599
7 I 0.994 0.756 0.583 0.417 0.429 0.429 0.417 0.393 0.399
7 2 0.881 0.82 1 0.607 0.500 0.518 0.435 0.536 0.548 0.548
7 3 0.827 0.536 0.524 0.571 0.494 0.494 0.589 0.565 0.530
8 I 0.798 0.5 12 0.464 0.494 0.589 0.423 0.393 0 446 0.440
8 2 0.583 0.679 0.571 0.601 0.565 0.589 0.417 0.417 0.458
9 I 0.515 0.544 0.562 0.373 0.527 0.462 0.485 0.497 0.544
9 2 0.621 0.538 0.538 0.580 0.592 0.621 0.627 0.633 0.716

For Recognition Patterns

Conti ngency Table Ratio for Given Number of Classes
Digit 2 3 4 S - 6 7 8 9 tO

0 0.807 0.578 0.590 0.434 0.434 0.416 0.440 0.434 0.349
0.750 0.607 0.619 0.530 0.435 0.363 0.387 0.375 0.369

2 0.500 0.500 0.482 0.494 0.542 0.536 0.5 12 0.524 0.41 1
3 0.633 0.556 0.408 0.604 0.544 0.491 0.509 0.456 0.479
4 0.772 0.790 0.790 0.5 15 0.491 0.491 0.497 0.491 0.497
5 0.858 0.775 0.763 0.728 0.604 0.633 0.633 0.491 0.491
6 0.778 0.707 0.605 0.617 0.593 0.587 0.599 0.587 0.689
7 0.494 0.821 0.750 0.565 0.583 0.583 0.595 0.560 0.583
8 0.554 0.464 0.631 0.619 0.518 0.524 0.548 0.464 0.548
9 0.49I 0.538 0.556 0.574 0.396 0.361 0.320 0.408 0.432

‘Refe r to Subsect ion IV.D.3.
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TABLE 8. CONTINGENCY TABLE OF THE FIRST KIND ’
RESULTS FOR POSTITERATIVE OPT IMI Z ATION

For Scanning Patterns

Ref Contingency Table Ratio for Given Number of Classes
Digit 2 3 4 5 6 7 8 9 H)

0 I 0.b33 0.964 0.657 0.795 0.699 0.627 0.633 0.65! 0.735
0 2 1 .000 1 .000 0.723 0.807 0.590 0.596 0.596 0.741 0.753
O 3 1.000 0.669 1 .000 0.6 14 0.687 0.699 0.633 0.669 0.65 7

I 1.000 0.857 1 .000 0.863 0.63 1 0.458 0.5 18 0.732 0.827
2 0.958 0.815 0.554 0.702 0.548 0.708 0.655 0.708 0.702

2 I 0.9 17 0.815 0.625 0.708 0.708 0.685 0.655 0.57 1 0.57 1

2 2 1 .000 1.000 0.637 0.726 0.857 0.8 10 0.738 0.732 0.714
2 3 1 .000 0.696 1 .000 0.57 1 0.7 56 0.917 0.869 0.935 0.899
3 1 0.675 0.775 0.462 0.799 0.917 0.663 0.568 0.663 0.669
3 2 0.988 0.633 0.970 0.716 0.686 0.7 16 0.734 0.7 10 0.704
4 I 1 .000 1.000 0.856 0.826 0.587 0.689 0.695 0.766 0.64 1
4 2 1 .000 0.808 0.665 0.665 0.605 0.64 1 0.719 0.743 0.635

5 I 0.675 0.503 0.923 0.799 0.893 0.716 0.462 Q.7”3 0.586
5 2 1.000 0.964 0.959 0.846 0.710 0.941 0.822 0.i~75 0.675
6 I 1 .000 1 .000 0.844 0.707 0.880 0.850 0.665 0.599 0.635
6 2 1 .000 0.647 0.850 0.737 0.814 0.665 0.575 0.7 13 0.713
6 3 1.000 0.467 0.689 1.000 0.886 0.629 0.701 1 .000 0.904
7 I 1 .000 0.988 0.500 0.929 0.750 0.601 0.720 0.655 0.726
1 2 1 .000 0.577 0.762 0.875 0.964 0.821 0.702 0.607 0.667

7 3 0.488 0.988 0.982 0601 0.613 0.714 0.661 0.798 0.756
8 I 1 .000 0.839 0.940 0.685 0.488 0.470 0.607 0.690 0.661
8 2 0.952 0.685 0.637 0.67 3 0.679 0.571 0.851 0.7 14 0.690
9 I 1 .000 0.781 0.680 0.645 0.787 0.775 0.686 0.746 0.917
9 2 0.692 0.757 0.84o 1.000 0.746 0.716 0.799 0.805 0.870

For Recognition Patterns

Cont ingency Table Ratio for Given Number of Classes
Digit 2 3 4 S 6 7 8 9 10

0 1 .000 0.753 0.789 0.590 0.639 0.861 0.783 0.753 0.614
0.940 0.738 0.940 0.780 0.65 5 0.66 1 0.792 0.827 0.685

2 1 .000 0.964 0.798 0.851 0.708 0.744 
- 

0.696 0.565 0.607
3 1 .000 0.645 0.686 0.562 0.556 0.515 0.562 0.562 0.592
4 0.988 0.9 16 0.491 0.617 0.563 0.743 0.587 0.563 0.647
5 1 .000 0.834 0.728 0.817 0.609 0.580 0.734 0.757 0.852
6 1 .000 0.982 0.743 0.796 0.832 - 0.689 0.796 0.629 0.593
7 1 .000 0.929 0.726 0.530 0.679 0.554 0.714 0.655 0.601
8 1.000 1 .000 1 .000 0.958 0.839 0.679 0.685 0.565 0.726
9 1 .000 0.79 3 1 .000 0.935 0.609 0.669 0.645 0.651 0.669

‘Refe r to Subsection lV.D.3.
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Figure 29. Opoit /G p~ 

Versus 1/ o ~,,.., for MINMAX
Agglomerative Clust ering oT Scanning Patterns
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Figure 30. a Versus a for Preiterative Optimization of
M I NAVE Agglomerative Clusters of Scanning Patterns
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~.00 1 86 9 A 8 94
0.95 1 3 8 979  A A A
0. 90 I ~ 9*9 A 9
0.85 1 ‘4 7 b 2 8  9 A
0.80 I 5 7 78 2 6 6* 9
0.75 1 6786897* 6 7 9 A A  9 8
0 . 7 0  I 2 6 7 7 9 9 3  9 *9
0.65 I 11 4 87 9 7 4 * 7 8  7 7
0.60 1 33 5 5 66 7 68 67 5 ‘45
0.5 5 I 3 Is 4 6 7 6 3 5  3
0 . 5 0  I ‘14 5 566 7564
0.45 1 23 455 54 6 54
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0.35 1 2 334  2 4
0 .30  1 2 23 34
0.25 I 225 3
0.20 I 2 23
0.15 1 2222
0. 10 1 2
0.05 1

1 I I I I 1
.1 .2 .3 .4 .5

ALPHA

Figure 3 1 .  a Versus a for Preiterative Optimization of
MINMAX Agglomerative Cluste rs of Scanning Patterns

(“H” i~ used in this subsection to agree with the information theory li terature.  The “E” used in
the last sub section is reserved for the normalized ent ropy,  i. e., H/ log2 c.)

The average in format ion  abo u t the c l ass , given knowledge of the sex , is the conditional
en t ropy:

H(cI s) p (m) p ( i l m )  log p (iI i i)  p( p(i F) log p( i 10 (22 )
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Figure 32. o Versus a for Post iter aitive Optimization of
M I NAVE Agglomerative Clusters of Scanning Patterns
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The a vL -la ge j I l t ( ) i n i a l i o I i  gained tiow the c lus ter ing is then  reduced by the a priori
infor m at ion rep resented in the classes, y ie l ding what  i f l lO r i f l a t R ) f l  th cori stx term I ( c s  i . the
average of the m u t u a l  in f o r m a t i o n  between the  class and the  sex - I he v a lue  for  Uc sf  is given by

l(c :s) = 11(c) H ( c l s )

= p ( i )  log p ( i )  + l~(n1 ) p ( i j m )  log p ( i l m )  (2 3 )

+ p( i) p(iIi) log p( i 11)

N ote that  since H(c) H ( c l s )  = H(s) H(s~~). the term l(c :s) can also he wri t ten  as:

l( c:s ) = p (m) log p ( m )  p( f )  log p ( f )
( 24)

p ( i )  p (rn l i )  log p ( r n l i )  pW p(fIi ) log p ( m l i )

Not e also that  I (c:s ) = I I ( c  For the two-class case when a population with  an equal number  of
males a nd females are divided into an all -male class and an all-female class since the class is
uniquely  determined by knowing the sex. This corresponds to what  is called a “noise-free
channel ’’ in i n f o r m a t i o n  theory.  lii contrast , whe n no informat ion is t ransm it ted through a
chann el , 11(c) H ( c l s ) .  y i e ld ing  I (c :s ) = 0, which corresponds to the case of each class hav ing  an
eq ua l nu in ber of males and females.

However , l(c: s) is used here as a measure ( i f the “goodness ” of the clustering relative to
the condi t ion ( sex in th is  case) tested. The estimates used for the various probabili t ies are given
in tern is of

Ii Total number  of samples
n~ Number  of samp les in class i

n m Numb er of males
Nu m ber of females
Number  of males in class i

n~ Number of females in class i
The g ive n probabi l i t ies  are es t imated as

p h )  = n - n

ph in) = ii ” n

p( f) =

p ( i I n i )  = nr/n m

p ( i l t )  = 11 /11
1
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p( m i i i i  - Fi~
’ / i i ~

I i f  Ii: In,
I Iencc . I f c :s ) is calc u lated by

hc :s~~ (n /n ) log (n 1/n )

+4 n tm / n ) (mi ni/u rn ) log (n ~ ln m ) ( 25)

+4 n 1 
/ i i )  (n ~/n ’ ) log (n ~/n ’ )

V alue s ( i f  I a re g iven in l ahles 9 thr ough  I 2 fo r  scanning patterns and in l ahles 13
t h r ough I ( t or recognition pat terns ,  along wi th  ano th e i  n i ea su ie , R , the d i s t r ibu t ion  of males
and females among tI m e classes . l~ r the reader wi th  a Icss esoter ic ij ic luia t ion . The va lue for R is
gi V Cil by

R = 
F l  

m m ( n t ,  ni” ) (26 )

which is a m ea su re of the res idu e in each of the clas ses. The tables in each of the two sets are
arr iinge~l by cluster ing a lgor i th m in the fol lowing order:

( I )  M I N A V E  agglome rative cluster ing:  pre iterat ive op t imi z a t ion

( 2 )  M I N A V L  agglo m erat ive clust er ing ~ posti terative opti m ila t i on

13) M I N M A X  agglomer ati ve c lu st e r ing ~ pre i tera t i ve  opti mization
( 4) Ml NMAX ag glom er ativ e e l iis t erin g~ p o st i ter a t i v e  opti mization.

I he  i nformation in Table s 9 through I 2 is su mma ri ~.cd in Figure 33 with histogram s of I for
each of cases 1 through 4 above. Likewise, the information i n I ables 13 through 16 is
summariz ed in Figure 34. It is clear from these two figures that  i te rat ive optimi zation to
mi n imize J~ improves the re sul t ing cluste rs , assu m ing the m ale  Icin a le dis t inct ion is valid (and
twin an ac ou stic—p ho netic st andp oin t , it is) . In addi t ion ,  these two f igures show that  MINMAX
agglomerat ive c lus ter ing  yields be t te r  clusters before the i terat i ve optimi zation than does
M I NAV I - However . no clear ~,re t~.~r emmct ’ re sults between the M I N A V I -  and M I N M A X  clusters
af ter  i t e ra t i ve  op t imiza t ion , showing that  the i te r a t ive  opt imi ta t i on  al gori thm was robust enoug h
to produce good clusters Ir on i e i t her  the  M I N A V E  or M I N M A X  agglomer ative clu st ering , even
though the st a r t in g  p a r t i t i o n  Produced from the M INAV F agg lomer ation was clea n ii ~fe. ~or.
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TABLE 9 . MU TUAL INFORMATION AN!) RESIDUES FOR PRE I TERA TIVE OPTIMIZATION
OF MINAV E AGGLOMERATIVE (‘LUSTERS OF SCANNING PATTERN S

0G/ RP C: 2 3 a 5 6 7 8 9 10
o i I :  0 . 0 3 0  0 . 0 9 1  0 . 1 1 9  0 . 1 7 9  0 . 195  0. 217  0 .268 0 .2 8 9  0 .2 8 9
0 1 R :  0. 434 0. 4 10  0. 4 10  0 .3 5 5  0 . 3 55  0. 349 0.259 0.259 0, 259
0 2 I :  0 .006 0 . 024  0 . 03 6  0 . 03 8  0 .3 72  0. 3 12 0. 395 0. 40 1  0, 466
0 2 R: 0.494 0. 482 0. 4 32 0. 470 0 . 1 67  0 . 18 7  0 . 1 7 5  0 . 1 75  0 . 1 3 9

0 3 I t  0 . 0 5 2  0 . 09 3  0 . 1 0 3  0 . 1 0 3  0 . 12 5  0 . 12 5  0. 130 0. 143 0 .14 3
0 3 N :  u . 392 0 , 3 7 3  0 . 3 7 3  0 . 3 7 3  0 .3 5 5  0 . 35 5  u . 3 5 5  0 . 3 5 5  0 , 355

1 1 I t  0 . 0 06  0. 0 1 4  0 . 0 1 5  0 . 0 34  0 . 0 4 3  0 .0 4 9  0 .0 62  0 .0 7 5  0 . 0 7 5
1 1 w :  0. 468 0, 488 0. 482 0. 4 35 0. 435 0. 435 0. 43 5 0. 423  0. 423

1 2 I :  0. 006 0 . 0 12  0. 082 0 .086  0 .086  0 .u8 6  0 . 0 9 7  0 . 0 9 7  0 . 12 4
1 2 N : 0. 488 0. 488 0. 423 0. 4 1 1  0. 4 1 1  0. 4 1 1  0. 4 1 1  0. 4 1 1  0 . 5 8 7

2 1 1~ 0 . 0 0 5  0 .006  0 . 0 2 6  0 . 0 3 2  0 . 0 3 8  0 .0 3 9  0. 058 0. 064 0. 071
2 1 R: 0. 488 0, 48 2 0, 476 0 . 4 7 0  0. 464 0. 458 0. 4 1 1  0. 4 11 0. 405
2 2 It 0.018 0.018 0.018 0.025 0.71 4 0.755 0.755 0.757 0.794
2 2 R~ 0.482 0.482 0.482 0.476 0.060 0.042 0.042 0.042 0.036
2 3 1~ 0.007 0.025 0.026 0.030 0.042 0.062 0.062 0.069 0 .0 69
2 3 N~ 0. 452 0. 429 0. 429 0 ,429 0. 429 0. 411 u .~~11 0.411 0.411

3 1 I 0 . 0 0 0  0 .028 0, 03 5 0 .040  0 .0 46  0 .050  0.054 0 .079 0.081
3 1 ~ : 0. 497 0. 456 0. 4 50 0. 444 0.4 20 0. 420 0. 420 0.406 0. 402

3 2 I t  0 . 0 0 0  0 .007  0, 046 0 .0 46  0 , 0 7 4  0 .1 54 0 .154 0 . 16 2  0.165
3 2 N : 0.497 0. 49 1 0. 43 8 0. 4 38 0 , 432 0 .32 0  0 .320  0 .3 14  0 .314
4 1 I :  0 .006 0.049 0 .061  0 .0 87  0 . 1 1 6  0 . 12 4  0.126 0 . 13 3  0 . 1 3 8
4 1 N:  0, 497 0. 455 0. 455 0. 443 0. 4 13 0. 41 3 0. 4 13  0 .3 3 9  0.389
a 2 1~ 0 . 0 0 6  0. 018 0 . 0 18  0 . 124 0 . 1 4 0  0 . 14 6  0 .2 0 8  0.265 0 .320
4 2 R~ 0. 497 0. 485 0. 48 5 0 , 3 7 7  0. 3 47 0 .347  0 . 3 3 5  0.269 0.251
S 1 i : 0 .055 0 .146 0. 218 0 .222  0 .230  0 .23 6  0 .236  0 .2 4 5  0 .24 5
S I N:  0. 432 0.355 0.302 0 .3 02  0.302  0 .3 u 2  0 .3 2 0 .302  0 .302
5 2 1~ 0. 000 0.006 0 . 0 4 3  0 .049  0 .2 96  0 ,3 1 4  0 .3 3 2  0.356 0 .35 8
5 2 R~ 0. 497 0, 491 0. 456 0. 4 56 0 . 2 0 1  0. 201 0 .2 u 1  0 .201  0.201
6 1 I :  0 .2 0 6 0 .230  0 .230  0 .2 68 0 . 2 7 2  0. 6 20 0 .62 1  0 .642  0.659
6 1 R~ 0 .28 1  0 .2 75  0, 275 0 ,275  0. 275 0 ,078 0 . 0 76  0 . 0 72  0 .066

6 2 I t  0 .006  0 .012  0 .018  0. 633 0. 634 0. 634 0 . 7 ) 4  0 . 7 1 4  0 .720
6 2 R~ 0. 497 0. 49 1 0, 485 0 . 072  0. 072 0. 072 0 . 0 7 2  0 . 0 72  0 . 0 7 2
o 3 I :  0 .005  0 . 0 1 7  0 .051  0 . 1 7 8  0 , 1 8 5  0. 207 0 .2 07  0 .2 48 0 .248
6 3 i~~. 0. 49 1 0. 4 79 0. 4 19 0 . 3 1 7  0 .3 1 1  0.311 ( .311 0.28 7  0.2 87
7 1 1. 0 . 0 2 3  0.029 0, 570 0.598 0 ,62 0 0. 623 0 .623 0 .641  0 .648
7 1 N .  0. 488 0. 482 0. 089 0.069 0,089 0, 089 0 .039 0.069 0. 083
7 2 I .  0 .006  0 .591 0,596 0.601 0 .603  0. 604 0, 604 0.604 0.604
7 2 N .  0 .468  0 .083  0 ,083  0.06., 0 . 0 8 3  0 .083  0 , 083  0 .083  0 .083
7 3 I t  0 .006 0 .031  0 .036  0 . 0 8 1  0 . 1 0 1  0 . 1 0 1  0 .12 0  0 . 1 2 0  0 . 1 4
7 3 R~ 0. 483 0. 464 0. 452 0, 452 0. 446 0. 446 0 , 399 0.399 0.39
8 

~ 
1. 0.04 9.104 0.111 0.139 0,405 0.421 0,475 0.476 0.4786 ~ N .  0 .4 3. y.~~81 0.,?. 0.,75 0 , 1 6 1  0 , 1 6 1  0 , 149  0. 149 0 , 149

6 2 I I  0 .006  0 .082  0 , 1 0 3  ~~~~~~ 9 . 12 6  0 .12 6  0 . 1 2 6  0.1?b 0. 1 4 4
6 2 R I  0 .468 0,405 0, 405 0.4u~ 0 ,393  0 .3~~3 0 .393  0 . 3 ,3  0 ,35 1

~ ~ I I  0 .023  0.046 0.050 0.050 0 .270  0 .2 85  0 .306  0 .334  0 .3539 , R : 0.485 0.456 0.456 0. 456 0 .2 19  0. 2 19 0 .2 07  0 .2 07  0.207
9 2 I I  0 .012  0.02 1 0 .032  0 .03 4  0 .040  0 .082 0 .08 5  0 .099 0.24 7
9 2 RI  0, 491 0. 473 0. 473 0. 467 0. 46 7 0. 402 0. 402 0.396 0.296
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TABLE 10. M U1 UAL INFORMATION AN!.) RESI I )UES FOR POST ITERA TIVE OPT iM iZAT I ON
OF MINAVE AGG LOMERATIVE CLUSTERS OF SCANNING PATT ERNS

DG/RP C; 2 3 4 5 6 7 8 9 10

0 1 j :  0 , 0 3 4  0 .5 75  0 . 3 8 7  0 .524 0. 588 0 .552 0. 598 0 .62 1  0 .631
0 1 R~ 0. 422 0 .096  0 . 2 1 1  0 . 1 5 1  0. 096 0. 145 0 . 1 14  0 , 108 0.102
0 2 i :  0. 389 0. 447 0. 404 0. 4 7 7  0. 4 93 0. 560 0 .556  0 , o03 0 . 5 7 8
0 2 4: 0 . 3 5 7  0 . 1 8 1  0 . 2 1 7  0 . 1 3 9  0 . 1 5 1  0 . 15 7  u. 1a5 0.151 0.139

0 3 1~ 0 . 049 0 . 0 6 7  0 . 1 7 7  0 .245 0 .28 8  0. 115 0 .257 0, 269 0 . 2 76
0 3 N :  0 . 392 0 .3 6 6  0 .2 6 5  0 . 253  0 .? 53  0 . 3 0 7  0. 271 0 .3 0 1  0 .289

1 1 j :  0 . 0 2 3  0. 01 5 0 .04 0  0 .04 8 0. 059 0. 046 0 .0 51 0 .0 79  0 . 1 0 2
I I N:  0. 4 1 1  0. 429 0. uOS 0 .3 9 9  0 . 3 8 7  0. 393 0 . 393 0. 363 0. 381

1 2 I :  0. 323 0. 285 0. 455 0. 428 0. 420 0. 382 0 ,464 0. 40 1 0. 4 16
I 2 R~ 0 .1 90  0. 226 0 .1 85  0 .190 0.119 o.185 0.202 u, 214 ti .e0 2
2 1 I :  0 . 0 7 5  0.063 0.089 0.080 0.129 0.126 0.132 0.134 0.188
2 1 N : 0 .35 7  0 . 3 7 5  0, 35 1 0 .3 63  0. 310  0, 3 15 0, 304 0. 304 0 .2 3 0
2 2 I t  0, 674 0. 6 58 0. 569 0, 70 5 0. 7 1 2 0. 759 0. 732 0 .66 5 0 . 704
2 2 N : 0 , 0 60  0 . 0 7 7  0 . 1 0 1  0 . 0 6 0  0 . 0 M 3  0 . 0 83  0. 089 0 . 1 0 7  0 ,089
2 3 I t  0 . 0 1 3  0. 0 1 3  0 . 0 1 4  0 .069  0 .0 56  0. 069 U . 0 b ~ 0 . 1 1 3  0 . 1 5 5
2 3 R~ 0, 43 5 0 .435 0, 446 0 . 3 57 0 . 3 7 5  0. 363 0 .369 0. 345 0. 333

3 1 ~: O , 0 0 9  0 .02 9  0 .04 5  0 . 0 7 9  0 .0 57  0 . 1 3 1  0 . 1 8 0  0 . 1 6 9  0 , 158
3 1 N :  0, 444 0, 402 0. 40 2 0 . 3 5 5  0 . 3 7 3  0 , 3 3 7  u , 308 0 . 32 5  0.302
3 2 I :  0. 058 0 .062  0 . 1 0 3  0. 159 0 . 1 4 1  0 . 15 7  0 . 1 8 1  0. 28 1 0 .289
3 2 R: 0. 36 1 0, 361 0 , 3 3 7  0 .302 0 .320  u. 32u 0 . 3 1 4  0 .243  0 .2 37
4 1 I~ 0 . 0 0 1 0, 0 36 0 .3 0 6  0 .296 0 .3 0 9  0 .286 0 , 258 0. 402 0.355
4 1 N:  0. 485 0, 401 0 .22 8  0 . 2 1 6  0 . 198  0 .2 3 4  0. 269 0 , 1 92  0 . 2 3 4
41 2 1 0 .220  0 . 3 4 1  0 . 3 43  0 .256 0 .3 1 6  0 .3 42  0 ,395 0.3b3 0. 435
4 2 N:  0 , 23 4 0 . 198  0 . 19 .8 0, 249 0 .2 3 4  0. 263 0. 180 0 .2 0 4  0 . 18 6

5 1 I t  0 , 5 2 3  0. 43 5 0 . 3 9 7  0 .522 0. 61 0 0 . 6 1 7  u . 451 0. 557 0, 535
5 1 N t  0 . 1 1 2  0 .13 6  0. 166 0. 130 0 . 1 1 8  0 . 1 3 0  0 . 1 8 9  0 . 1 4 2  0 . 1 3 0
5 2 I :  0. 435 0. 381 0. 016 0.329 0.429 0.378 0.424 0.400 0.428
5 2 N: 0 . 1 3 6  0.172 0.178 0 .231 0. 189 0 . 18 9  u .195  0 . 1 8 9  0 . 1 8 3
6 1 I :  0 ,235 0. 451 0.426 0.614 0.600 0.636 0. 723 0.671 0.722
6 1 R~ 0. 269 0.162 0.1 56  0 .078  0 .0 84  0 . u 7 8  0 .066 0, 084 0 .0 72
6 2 j t  0, 74 9  0. 76 1 0 . 7 9 9  0 .740  0.668 0 .633  0. 732 0. 60 3 0. 729
6 2 N: 0.042 0.042 0.036 0.048 0,090 0.138 0.108 0.104 0.090

o 3 I t  0 . 1 7 7  0.236 0, 259 0 .3 46  0 . 3 0 4  0. 4 1 3  0. 4 13 0. 345 0 ,343
6 3 N t  0 .269 0 .257  0.~~63 0 .136  0 .2 1 0  0 .192  0 . 1 7 4  0 .198  0 . 198
7 1 I t  0. 732  0 .599 0 , 701  0 .693  0. 728 0.655 0. 662 0. 650 0. 764
7 1 N: 0 .046  0 .089  0.065  0 . 0 7 7  0.065 0.089 0 .083  0. 10 1  0.065

1 2 I t  0 .6 07  0.685 0 .573 0 .72 0  0 .689 0 . 7 1 7  0. 709 0. 7 36 0.660
r 2 RI 0 . 077  0 .071  0.095 0.065 0. 09. 0 . 07 1  0 . 0 7 1  0. 077 0 . 101
1 3 I t  0 , 0 14  0 . 33 5  0 .34a  0 . 3 1 3  0 ,3 7 5  0. 425 0, 404 0 .388 0. 445
7 3 N. 0.435 0.238 0.220 0.214 0.232 u ,208 u.226 0,220 0,228

0 1 I t  0 , 1 3 9  0 . 2 8 1  0 . 1 8 3  0 .300  0 .299  0 .322  0. 461 0. 417 0. 427
6 1 Nt  0, 286 0 .2 14  0 .286 0 .202  o .eoo 0.196 0.167 0.173 0.190

6 2 p 0 .33 4  0. 238 0 .28 9 0 . 5 7 5  0 .3 92  0.528 0. 44 5 0. 496 0.S? 7
8 2 i~~* 0.185 0,250 0.220 0.131 0.208 0.167 0,250 0 .185  0.1~~6
9 

~ j ,  0.a94 
~~~~ 

0.480 0.456 0.544 0.514 0.557 0. 566 0. 566
9 £ ~~Z 0 .1 12 u.1,41 0.225 0.207 0.142 0.lSa 0.136 0.124 0.124

~ ~:2U S:~~ S:~~ S:~~ S:~ f ~~~ ~~~
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TABLE L I .  MUTUAL INFORMATION AND RESIDUES FOR PREITERATIVE OPTIMIZATION
OF M INMAX AGGLOMERATIVE CLUSTERS OF SCANNING PATTERNS

D6,RP C: 2 3 4 5 6 7 8 9 10

0 1 I: 0.222 0.356 0.398 0.398 0.399 0.423 0,423 0.438 0.440
0 1 N : 0.23 5 0 .1 69  0 . 1 6 9  0 . 1 6 9  0 . 169  0 . 1 6 9  0 .1 69  0 . 169  0,169
0 2 j :  0 . 022  0 , 1 0 5  0 . 1 3 3  0 . 3 7 3  0 .3 90  0.~~53 0. 46 1 0. 461 0. 466
0 2 N : 0,416 0,380 0,380 0.205 0.199 0.163 0.163 0 ,1b3 0.157

0 3 3~ 0.052 0.060 0.072 0.079 0.165 0.182 0.277 0.291 0.29
0 3 K : 0 .392 0. 39 2 0 .3 86  0 .3 8 6  0. 2 71 0. 2 71  0, 235 0 . 2 3 5  0 .2 3
1 1 I: 0.009 0.017 0.032 0,035 0.092 0.119 0.120 0.130 0.134
1 1 R~ 0.464 0.429 0.417 0,417 0.393 0.393 0,393 (‘.393 0,393

L 1 2 It 0.031 0.032 0.155 0.158 0.159 0.214 0.223 0.525 0.525
I 2 R~ 0.458 0,458 0.310 0,310 0.30a 0.304 0,304 0.149 0.149

2 1 I: 0.005 0. 006 0,065  0 .080  0 .088  0.104 0.104 0.104 0.126
2 1 N : 0.476 0.476 0.363 0.357 0.357 0.357 0.357 0.357 0.345

2 2 I: 0.005 0.005 0.343 0.455 0.493 0.5*6 0.522 0.528 0.520
2 2 K :  0.064 0. 464 0.238 0.238 0 .196 0.185 U.17’~ 0.179 0.179

2 3 I 0 .002 0 .00 6 0. 033 0.034 0.041 0 .054  0, 056 0 , 0 5 7  0 . 0 6 3
2 3 N : 0. 462 0. 458 0. 429 0. 429 0. 429 0. 41 7 0. 411  (i .411 0. 4fl
3 1 It 0.004 0.078 0,090 0.173 0.170 0.203 0.204 0.204 0.~

-
3 1 N :  0. 467 0. 367 0 .3 49  0 .306 0.308 0. 308 0.308 0.306 0 . 3 0 8

3 2 I t  0 . 093  0 , 13 3  0 .169 0 .1 69  0 . 3 9 9  ~, 2(’7 0 .2 1 2  0 .221 0, 2 3 0
3 2 R : 0.331 0.331 0,272 0.272 0.272 0.272 0.272 0.272 0.27~
4 1 1~ 0.000 0.026 0.186 0.239 0.311 0.350 0.361 0.363 0.370
14 1 N: 0.49? 0.473 0.293 0.246 0.210 0.198 0.198 0.198 0.198

4 2 I :  0 , 0 06  0 . 0 1 3  0 . 0 62  0 ,09 4  0 .099 0 , 1 3 0  0 , 1 7 3  0. 005 0, 420
a a N : 0.497 0.449 0.395 0.395 0.359 0.359 0,329 0.216 0.216

S I I: 0.001 0.083 0.144 0.167 0.300 0.340 0.362 0.385 0.418
5 1 N : 0 .4 79  0, 396 0 ,36 1  0 ,320  0,254 0 .23)  0 .219  v .2 19  0 .219
5 2 I~ 0.065 0.266 0.290 0.375 0.387 0.414 0,470 0.483 0.483
5 2 Nt 0.355 0.~~37 0.237 0.189 0.189 0.189 0.189 0.189 0.189

6 1 I: 0.250 0.330 0.352 0.556 0.558 0.569 0,569 0.570 0.592
O 1 4: 0.251 0.251 0.246 0.096 0.096 0.096 0.096 0.096 0.090

o 2 I: 0.550 0.556 0.619 0.621 0.622 0.691 0.697 0.7*2 0.715
o a R : 0,102 0.102 0.102 0.102 0.102 0.072 0.072 0.072 0.072

6 3 It 0.111 0.169 0.201 0.212 0.230 0.2314 0.240 0.247 0.265
O 3 N: 0.323 0.269 0,246 0.246 0.246 0.246 0.246 0.246 0.228

7 1 It 0.017 0.185 0.213 0.260 0.285 0.322 0.32 3 0.444 0.455
7 1 N: 0,488 0.298 0.286 0,266 0.266 0.262 0,262 0.190 0.390

7 2 I: 0,008 0.523 0.524 0.530 0.582 0.610 0.631 0,055 0,655
7 2 N : 0.458 0.119 0.119 0.119 0.119 0.119 0.119 0.119 0.119

7 3 1$ 0.196 0,240 0,251 0,251 0.262 0.266 0,266 0.279 0,295
7 3 Nt 0.321 0.321 0.321 0.321 0.292 0.292 v.292 0.292 0.292

a i I t 0.081 0.129 0.136 0.142 0.143 0.191 0.261 0.267 0.287
6 1 N : 0.351 0.300 0.304 0,304 0,3014 0 , 3u 4  0.268 0.268 0,262

O 2 It 0.095 0.200 0.2*7 0.224 0.224 0.231 0.487 0.096 0.505
0 2 Nt 0.327 0.292 0.280 0.280 0.280 0 .2 bu  0.18~ 0.17 9 0.179

9 1 It 0.220 0.236 0.271 0.380 0.396 0.523 0.548 0.548 0.553
9 1 N t  0.231 0.231 0.231 0.231 0.231 0.Ibu 0.148 0.148 0.148

9 2 31 0.059 0.063 0.080 0 .113 0.285 0.265 0.285 0.294 0.328
9 2 Nt 0.361 0.361 0.361 0.361 0.272 0.272 0.272 v.272 0.249
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TABLE 12 . MU TUAL INFOR MA I1ON AND RESIDUES FOR POSTI TER ATIVE OPTIMIZA TION
OF M INM AX AGGLOMERATIVE CLUSTERS OF SCANNING PATTE RNS

OG/ RP C : 2  3 ‘4 5 6 7 8 9 10
0 1 I t  0 . 57 4  0. 666 0 .609  0.6 31 0. 630 0. 627 0. 854 0. 659 0 .66 5
0 1 R :  0 .090 0.066 0.078 0.078 0.090 0.096 0.096 0.096 0.096
0 2 i: 0.389 0.447 0.411 0.492 0.534 0.542 0.536 0.604 0.645
0 2 N : 0.157 0 ,131 0.187 0.169 0.199 0.151 0.157 0.151 0.120

0 3 1; 0.049 0,133 0 .117 0.147 0.191 0.217 v.287 0.353 0.003
0 3 4: 0.392 0.289 0,265 0.337 0.265 0.253 u .235 0.199 0.169

I I I : 0 .023  0, 035 0.040 0.065 0.087 0 . 1 56  0 . 1 3 5  0. 1 3 0  0 . 1 3 7
1 1 N t 0.4 11 0.393 0,405 0 . 3 7 5  0.357 0 .315 0,345 0.345 0.339

1 2 1~ 0.328 0.290 0,459 0,443 0.387 0.398 0.339 0.452 0.424
1 2 4: 0.198 0.226 0.165 0.202 0.226 0.202 0.268 0.196 0.19b

2 1 I I 0.053 0.017 0.062 0.096 0.061 0.060 0.190 0.148 0.176
a 1 4: 0.393 0.363 0.375 0,369 0.387 0.387 0.286 0.315 0.292

2 2 I: 0.674 0,658 0.711 0.017 0.684 0.792 0.698 0.709 0.751
2 2 4: 0.060 0.077 0.095 0.119 0 .101 0.077 0.101 0.083 0.071

2 3 I: 0.013 0,019 0.014 0.021 0.077 0.093 0.096 0,128 0.145
2 3 4: 0.435 0.429 0.446 0.435 0.387 0.345 0.345 0.327 0.327

3 I I: 0.002 0.012 0.023 0.076 0.066 0.100 0.082 0.074 0.143
3 1 4: 0.473  0,444 0.426 0.379 0.361 0.355 0.373 0.361 0.343

3 2 I: 0.049 0.108 0.093 0.095 0.095 0.158 0.115 0,179 0.21 4
3 2 4: 0.373 0.325 0.349 0.349 0.343 0.314 0.302 0.302 0.276

4 1 I~ 0.00* 0.036 0.287 0.305 0.265 0.255 0.298 0.294 0.316
14 1 R : 0.485 0.401 0.222 0.216 0.269 0.215 0.251 0.2b9 0.263

4 2 I t  0.220 0.212 0.263 0.286 0.3)5 0.347 0.329 0.367 0.376
4 2 R~ 0 ,23 4  0.251 0.263 0 .2 16  0.257  0 ,22 2  0 ,22 8  0 . 1 9 2  0 .196
5 1 1~ 0.044 0.414 0.457 0.540 0.621 0, 552 0, 546 0.589 0,554
S I R: 0 . 3 7 9  0 . 176 0 . 1 4 8  0 , 1 2 4  0.083 0 . 13 0  0 . 1 24  0 . 1 1 6  0 , 1 1 8

5 2 I :  0.435 0.408 0 . 3 93  0 . 3 8 0  0.439 0.364 0.397 0,532 0 .536
5 2 4: 0,136 0.166 0.183 1.183 0.148 0.169 0.207 0.154 0.154

O 1 1~ 0.235 0.451 0.619 0.625 0.612 0.611 0.600 0.558 0.607
6 1 4: 0.269 0.162 0.078 0.078 0.078 0.078 0.084 0.096 0.064

6 2 7~ 0,749 0.754 0.762 0.789 0.694 0.676 0.105 0.760 0.790
6 2 R~ 0.042 0.042 0,042 0,048 0.066 0.072 0.066 0.054 0.048

6 3 It 0.177 0.194 0.285 0.346 0.390 0.381 0.314 0.344 0.366
6 3 4: 0,269 0.251 0.210 0.166 0. 174 0.180 0.216 0.198 0.192
7 1 I: 0.732 0.601 0.624 0.611 0.488 0.496 0,544 0.781 0.770
7 1 R~ 0.048 0 .089 0 .089  0 .089  0 . 14 9  0 . 14 9  0. 143  0 .048 0.054
7 2 I .  0 .007 0. 4 87 0. 661 0.665 0.684 0. 084 0. 74 7 0 . 7 2 3  0. 72
7 2 N t  0.077 0 .131 0 .0 77 0 .095 0 .095 0.095 0.095 0. 089 0 .0 6
1 3 I t  0. 440 0 .332  0 .34 7  0 . 3 6 3  0. 4 10 0. 40 1 0. 4 28 0. 435 0. 490
7 3 RI  0 .149  0 .23 8 0.220 0 .2 10  0 . 1 8 5  0 . 185  0 . 1 7 9  0 .2 14  0 .16 1
6 1 I I  0 . 139  0 . 185 0.236 0,248 0 .235  0 .2 15  0 .27 4  0.29 1 0 .349
6 1 4. 0,286 0.274 0.214 0.268 0.280 0.268 0.250 0.250 0.226

• 2 I t 0.312 0.452 0.366 0.441 0.519 0.450 0.542 0.515 0.593
8 2 N. 0.196 0.190 0.244 0.190 0.1.5 0.196 0.179 0.155 0.149

9 1 I .  0, 494 0.449 0 .534  0 .5 51  0. 547  0 . 512  0. 563 0.561 0.58
9 1 4. 0 . 1 1 2  0 . 1 3 0  0 . 13 6  0 . 136  0 .136  0 . 1 4 2  0 . 1 1 8  0 . 1 1 8  0 .11

? 1; 0.1!0 0.030 0.240 0.29? 0,260 0470 0.291 9.302 0.367
9 g N. O ..~eO 0,426 0.218 0.24’, 0,284 O.c84 0,278 v .243 0,201
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Figure 33 Comparison of Mutual Information for Clustered
Scanning Patterns Using Four Clustering Algorithms
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TABLE I3. MUTUAL INFORMATION AND RESIDUES FOR PR E I TE RATIVE OPT IMIZATION
OF MINAVE AGGLOMERATIVE CLUSTERS OF RECOGNITION PATTE RNS

D 6/ R P C: 2 3 4 5 6 7 6 9 10

0 0 I t  0 .024  0. 088 0 .088  0 .088  0 .095  0.095 0.095 0 .095  0,693
0 0 4 * 0, 462 0, 422 0. 422 0. 422 0. 410  0,~~*0 0. 410 0. 4 10  0.066

I 0 I I  0. 403 0. 403 0, 447 0. 448 0. 470 0. 084 0,497 0.500 Q,5 0 0
1 0 4: 0 , 1 6 7  0 .167  0 . 1 o3  0 . 1 43  0 . 1 3 7  0 . 1 3 1  0 . 1 3 1  0 . 1 3 1  0. 131

2 0 I t  0 .024  0 . 0 4 3  0 .049 0 . 0 6 1  0. 727 0. 729 0. 729 0.740  0. 741
2 0 Nt  0. 476 0. 458 0. 458 0. 446 0 .060  0.060 0.060  0.060  0.060

3 0 I I  0.006 0, 0 1 0  0 .023  0 .5 4 1  0. 567 0,568  0 .572 0.575 0.577
3 0 N t  0. 497 0. 479 0. 462 0 . 1 0 1  0 . 1 0 1  0 . 1 0 1  0 . 1 0 1  0 . 1 u 1  0 . 1 0 1

4 0 fl 0.006 0 .018  0 .024  0 . 1 9 7  0 . 19 8  0. 198 0 .235 0 .251  0. 276
4 0 N t  0. 497 0. 465 0. 479 0 . 3 1 1  0 . 3 1 1  0 . 3 1 1  0.305 0.287 0. 269

5 0 I t  0 .661 0. 706 0 . 7 3 6  0. 752 0. 767 0.768  0.766 0.784 0.797
5 0 4* 0,065 0.059 0.053 0,047 0.0a7 0,047 0,0o7 0.041 0.036

6 0 I :  0 . 0 12  0 .631  0. 632 0 .634  0 .63 7  0. 637 0.040 0. 640 0.666
6 0 41 0. 491 0 .078  0. 078 0 . 078  0 .078  0. 078 0 .078  0.078  0 .078

7 0 1* 0 . 023  0. 789 0. 790 0. 791 0. 79 1 0, 793 0. 793 0 . 8 1 4  0 .6 14
7 0 4: 0, 488 0.042 0 , 0 42  0 .0 42  0 .0 42  0 ,04?  0 . 0 4 2  0 .042  0 .u 42  -

0 0 1t 0 .006 0 .0 2 3  0 .872  0 . 8 7 3  0. 873 0, 874 0 .874  0. 875 0.88 1
8 0 R : 0, ob8 0, 488 0. 018 0 . 0 1 8  0 . 0 1 6 0 . 0 1 8  0 .018  0 . 0 16  0, 010

9 0 j t  0 . 0 3 1  0 . 1 1 9  0 . 1 2 8  0 . 1 2 8  0 . 13 6  0. 170  0 . 1 7 0  0 .391  0 .393
9 0 4: 0. 462 0. 305 0 .385  0 .385  0 .367  0.3 67 0.367 0 . 183  0 .103

TABLE 14. MUTUAL INFORMATION AND RESIDUES FOR POSTITERATIVE OPTIMIZATION
OF M I NAVE AGGLOMERATIVE CLUSTERS OF RECOGNITION PA Tr ERNS

D 6 / R P C 2  3 4 5 6 7 6 9 10
0 0 I t  0. 787 0 . 6 7 8  0.685  0 .688  0. 656 0. 81 0  0. 743 0. 696 0. 768
0 0 Nt 0.042 0,ObO 0.060 0.066 0.072 0.1142 0.054 0 .060  0.054
1 0 I t  0 .3 4 1  0 . 3 1 8  0. 434 0. 447 0. 446 0 . 37 5  0.560 0.50 1 0. 090
1 0 4* 0,173 0.202 0,167 0.179 0.255 0.179 0.107 0,143 0.149

2 0 1~ 0.626 0.515 0.670 0.676 0.659 0.631 0.768 0 . 7 1 7  0.800
2 0 R I  0 . 0 8 3  0.131 0 .0 8 3  0 . 0 7 1  0 . 0 7 7  0 . 125  0.054  0 . 0 7 7  0.054
3 0 I t  0. 401 0.347 0.404 0. 48 3 0. 421 0. 561 0.612 0.623 0 .627
3 0 4* 0.154 0.219 0.148 0.160 0. 160 0.124 0 .130 0 .14 6 0 ,142
4 0 I t  0 . 15 1  0 . 16 5  0 .2 1 3  0.298 0.398 0.3 96 0 .322 0. 325 0. 432
4 0 4: 0 . 2 8 1  0 ,3 1 1  0 . 3 1 1  0 .234 0 .180  0 .2v4  0.2 40  0 .240  0,20 4
5 0 I t  0.549 0.583 0.829 0.795 0 .706  0. 724 0 .725  0 . 700  0 . 7 1 1
S 0 4* 0 .095 0 , 102  0 .083  0.089 0 . 1 1 8  0 . 0 8 3  0.065 0 .083  0.065
6 0 I t  0 .8 4 1  0 .769 0.682 0.728  0 .734  0 .739  0. 785 0 . 8 1 1  0.813
6 0 4* 0.0?4  0 .048  0 .084  0.054 0 .060 0.054 0 .042  0.054 0.054
7 0 I t  0 .953  0.82 9 0.8 19 0.768 0.848 0. 852 0 .933  0. 785 0.79
7 0 R~ 0.006 0.030 0.017 0.065 0.036 0.036 0.012 0.071 0.06
8 0 I I  0 . 7 0 3  0. 797 0.840 0.040 0.832 0,764 0.795 0 .802 0.867
8 0 4. 0.054 0.036 0.030 0.030 0.042 0.083 0 .077  0 . 0 7 7  0.024
9 0 I :  0 .554 0 .642  0.505 0 .725  0.750  0 .636  0.664 0 .739  0 .78
9 0 N t  0 .095  0 . 0 77  0, 154  0.059 0.089 0 . 124  0 . 1 1 2  0 . 0 7 1  0.07

71 

_________ 
1

~~“~
- ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ - - 

~~~~~~
- -.--,

~~~~~ .-. -

- - -‘,‘~~ -
:- ~ - , - 

~~~~ 

•
-‘-~~ 

- -
~~~: 

:~~~~.

‘ 

~

‘

~~~ i? .w —‘~~~-‘-~~
- 

~~~~~~~~~~ 
- --.. —w- -

TABLE 24. RECOGNITION ERROR iTt ) NORM ALIZING CONSTANTS

DigIt Source I Source 2 Source 3 Sonr~, 4 ~ niir .i. ~



TABLE I S. MUTUAL INFORMATION AND RESIDUES FOR PRE I TER ATIVE OPTI MIZATION
OF MINMAX AGGLOMERATIVE CLUSTERS OF RECOGNITION PA11’ERNS

DG/ RP C : 2 3 4 5 6 7 8 9 10

0 0 I t  0 . 2 12  0 . 7 0 7  0. 7 1 1  0 . 7 16  0. 721 0. 72 1 0. 724 0. 740 0. 776
0 0 R~ 0 . 3 0 1  0.054 0. 054 0.OSo 0.054 0.054 u . 05a u.0~ a 0.054

1 0 I :  0 , 1 76  0 .222  0. 349 0 .355  0. 355 0.396  11. 433  0. 433 0. 446
1 0 ~: 0.262 0 .262  0 ,202  0.202 0.2u2 0.202  0 . 17 9  0 , 1 7 9 % . 1 7 9

2 0 I :  0 .094  0.226 0. 496 0 .52 5  0 .549  0.549  0 .549 0 .549  0. 549
2 0 N~ 0 ,3 2 1  0.250 0 . 1 4 9  0 . 149  0. 149 0 . 14 9  0 . 1 4 9  ~ ,j a 9  0 . 14 9

3 0 I :  0 .325  0 .326  0.3 56  0. 407 0. 4 2 8 - 0 . 413 0 . 5 1 0  0 .53 8  0.538
3 0 4: 0 .195  0 , 1 9 5  0 . 19 5  0 . 1 8 3  0 . 1 83  0 . 17 8  0 . 1 3 0  0 . 13 0  0 . 1 3 0
4 0 I I  0 .162  0 . 1 7 0  0.204 0.205  0 .205 0 .230  0 .250  0 . 2 5 0  0. 250
4 0 R 0 . 3 17  0 .3 1 1  0 .3 1 1  0 . 3 1 1  0 . 3 1 1  0. 31 1  0 .293 0 .293  0, 293

5 0 I :  0 ,3 8 7  0.585 0, 782 0 . 7 8 3  0. 783 0. 797 0. 797 0. 804 0.804
S 0 R :  0 . 160  0. 124 0.04 1  0 . 0 4 1  0 .041  0.0~~3 0 , 0 4 1  0. 04 1 0.041

6 0 I 0 .204  0.655 0. 674 0.686  0. 692 0. 692 0 .692 0 . 7 1 3  0. 7 1 3
6 0 4: 0 .305  0 ,066  0.066 0.066  0. 066 0 .066 0.066 0, 066 0.066

7 0 I :  0. 953 0 .963  0. 963 0. 963 0. 969 0, 969 0. 969 0.969 0, 969
7 0 R t  0.006 0 . 0 0 6  0 .006  0 . 0 0 6  0 .006  0 .00 6  0 .0 06  0 .006  0 .006

8 0 I t  0.558 0.606 0. 707 0 . 707  0.707  0. 730 0 . 7 3 6  0. 736 0. 738
8 0 w :  0 .095 0 .095 0 .09 5  0.095 0.o95  0 . 1169  0 .06 9  0 .089  0.089

9 0 I :  0 .369  0. 451 0, 453 0. 487 0 ,502  0, 502 0 . 5 74  0 .582  0 , 595
9 0 4: 0 .160 0.160 0. 180  0 . 13 0  0 .130 0, 130 0 .130  0 . 13 0  0 . 1 3 0

TABLE 16. MUTUAL INFORMATION AND RE SIDUES FOR POSTITERATIVE OPTIMIZATION
OF MINMAX AGGLOMERATIVE CLUSTERS OF RECOGNITION PATTERNS

DG /RP C: 2 3 4 5 6 7 8 9 10

0 0 I: 0.787 0.689 0,678 0.726 0.720 0,764 0.709 0.719 0,734
0 0 4: 0.042 0.060 0.060 0.054  0 .060  0.054 0 . 06 0  0.066 0.066

1 0 1~ 0.3 1 0  0. 409 0, 419 0 . 362  0 .396  0. 523 0. 596 0 . 5 1 5  0. 516
1 0 4; - 0 . 1 85  0 . 17 9  0 . 167  0 .202  0 . 3 8 5  0 . 149  0 . 1 2 5  0 . 13 1  0 . 137
2 0 I :  0 .628 0. 466 0. 6 11 0. 710 0 .690 0.664 0, 675 0. 795 0 ,7~~9
2 0 4: 0 . 0 8 3  0 . 14 9  0 , 101 0 ,0 6 5  0. 077 0.095 u. u83 0.054  0 ,048
3 0 1~ 0 . 4 0 1  0. 443 0. 473 0.579 0.602 0. 602 0.557 0 .587  0.620
3 0 4: 0 . 1 54  0 . 13 6  0 , 1 5 4  0 , 1 1 8  0 . 1 u 7  0 . 1 07  0 . 1 1 8  0 . 1 24  0 . 1 3 0
4 0 1~ 0 . 1 53  0 . 1 7 6  0.252 0 .239  0.294 0.325 0 .3 7 0  0. 446 0. 416
4 0 4: 0.2~ 1 0.293  0 .2 3 4  0 .28 1  0 .2 10  0 .234 0 . 1 98  0 . 15 6  0 , 1 7 4
5 0 I :  0,549 0. 735 0, 670 0 .093  0 . 7 5 7  u. 742 0. 804 0 .805  0. 793
5 0 4 * 0 .095  0,053 0 .065 0 . 0 7 7  0.047  0.053 0 . 04 1  0 . 0 4 1  0.047

6 0 1* 0 .84 1 0 . 7 7 0  0 ,7 84  0 . 7 0 5  0 . 7 3 0  0, 736 0. 816 0. 829 0 . 8 1 2
6 0 RI  0.024 0 . 04 8  0 .042  0 .048  0 .054  0.054 0 .036  0 .048  0. 048
7 0 I I  0 ,9 53  0 , 9 1 1  0. 828 0 , 8 8 7  0 ,888  0.88 1 0 .669  0.936  0, 935
7 0 R~ 0 .006  0 .012  0 . 0 3 0  0 . 0 3 0  0 , 0 3 0  0. 024 0 . 0 3 6  0 . 0 12  0 . 0 1 2
6 0 I t  0 . 7 0 3  0 . 797  0 .840  0.840  0 .600  0. 823 0 .83 4  0. 828 0 .8 7 8
8 0 R~ 0.054 0 .036  0 .030  0 . 0 3 0  0 . 042  0. 036 0 . 1 1 4 2  0 . 0 42  0 .030
9 0 1* 0,55o 0.494 0.505 0 . 7 0 0  0.568 0.519  0. 645 0 . 6 3 1  0 , 7 0 4
9 0 42 . 0 .095 0 .148  0 . 154  0 .065  0 . 1 u 7  0 .124  0 .095 0 . 12 4  0 . 0 8 3
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TABLE 27. HISTO G RA M OF DIGIT -RECOGN I TI ON PERFORMAN CE

.,. ~ D..... .. e P.h.mh., ,,f Number of Number of



14 I~12 1*
10 1*

8 1 *  * *
1, 1* * * * * *

~4 L *  * * * * * a * * a  *
2 1 * * * * * *  ** a** ** ****  ** * * a * * * * * *a  **

1 — I  I — i 1 1
0 .2 0. 4 U . b  (.a .b 1. ’)

MI) r I A L I ,F Cj~~ iA 1  1u~
(A) M(NAVE , PRE1TERATIVE OPTIMIZATION

It ) I *
6 1  * *
6 1  * * * ** a
4 j  * * ****** *****
2 1 ** * * * * * ** * * *  ** *** **** * * ***** * *  * **

I I 1 I I 1
0 ,2 (1. 4 0. 6 1, 0

-iU TcJ A . U~~’~A 1 I u - ~
(B) MINAVE , POSTITERATIVE OPTIMIZATION

8 1  ** *
h i  * * **  * a

‘4 1 * *** * ** ** *  * *** * *
2 1 * * ***  ******* * * * *** * *  a * * * *  ***  **

I I 1 I I I
0 .2 0 . 4 0 .6 0. 8 1. 0

MU T U A L  INFtJ ’~ - 1A T Iu~
(C) M I N M A X , PREITERAT I VE OPTIMIZATION

d l  *
6 1  ** * *
4 1 * * a ** * * * * * * ** * *  *
2 1 ** ** *** a* -*  * * * * * * * * ** * * * * *a * * * * * * * * *a

I I I I
0.2 0. 4 0 ,~ 0 ,8 1, U

~i i 1  JA L 1s\.~~U~~~A T 1u;~(0) MINMAX , POSTITERATIVE OPTIMIZATION

Figure 34. Comparison of Mutual information for Clustered
Recognition Patterns Using Four Clustering Algorithms
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SECTION V

GENERAL-PURPOSE SPEECH I/O CAPABILITY

~Ii-iis ~eLtior i  deserihes th e  nie th od~ used in th e API 20B version of 1 he ciig~t recogiiit ion
program. r01)ics covere(I i ,ic I tkI e the da ta  collection hardware , the filter simulation, t h e  auto—

~orrelatioii com pu t at ion , atul a diSCUSSk)fl of digitizing ~t iid play back utilities.

A. SYSTEM DESCRIPTION

The pr imary imp etu s  of designing th is remote speech I/O facility was to relieve the !io~t
from the burden ol contro lling anal og—to— d igital (A/ I)) and digi ta l—to—ana lo g ( 1)/A) converters. A
Seco nd cons i ( ler at ion was to develop a Ifletilod to get data into an array proce~~or at a high rate
of speed. to allow rea l—time data collection ati d processing. Figure 3 5 is a block diagram of the
result ing speech 1/0 su bsy ste m .

The conhgurat ion consists of a TI 980B host computer , a Floating Point Systems AP- l 20B
a rray processor . and a TI 990/ 10 computer w ith attached AID and 0/A converters. The 990/ 10
collects and plays out data under  the  control of a “mailbox ” memory location in the AP— I 20B.
Therefore, the 990/ 10 can he controlled by either tile 980B or the AP- l 20B. The AP-1 20B is -

used pr imarily to reduce the quantity of data by transtoriiiing the raw speech to a more compact
lorm (e.g.. filtering or preprocessing). in a typical application, the host would request data from
the 990/10, request the  AP-1 20B to process tile data , and then request that the results of that
processing he sent to the 980B. -

Software directl y used in the I/O subsystem consisted of two parts. The first is the 990/ 10
soitware that co n t rols the A/ D and 0/A , buffers the input  and output  speech , and controls
speech I/O to the  AP- 1 20B. The second piece of software runs on the 980B and is basically a
device driver  for the 990/ 10. l’his driver handles the chan nel  protocol as well as all .1/0 between
the 9~ 0B and the AP-1 20B. In add i t ion , ex is t ing  software that digit izes and edits speech data
using the 9~ 0B in terna l  A/I) and 0/A was modiflecl to use t h e  new data acqu isi t ion subsystem.

The ott loadi ng of the host was carried r ) nc  step fur ther  in the digi t—recogni t ion program . In
order to free the host from contr ol l ing  the 990/ 10 and AP- l 20B , the AP- l 20B was put  in charge
of this entire process~ Since the AP-l 20B has direct memory access ( D MA )  capa b i l i ty  to the

1 1 1 ~~ , 
___

980B r 1 AP I2OB 
~~ 

990/10
HOST f .jARRAY PROCESSORj -~f C O M P U T E R  

D/A l

Figure 35. Speech Channel Block Diagram
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llO’.t the host need only te ll the AP- I 20R where to place (lie processed data aiid when to begin
L u l l ect i on .  l h is schenle allows cont i I )L l t )L I S  inptlt ol speech . sinc e host ac t iv i ty  is to ta l ly  disjointed
fr om th e data col lection or ~~~~~~~ 

Wit h all th is com putational burden rem oved Iroin t he
1U)st , it can easily keep pace w i t h  real-time processing.

B. FILTER SIMULATION IN THE AP-120B

The first procc~s Wit  j at ed on the input speech data is a recursive t i l ter  simulation. I lie
ce nter frequencies and ix i i id w i dt h s  of this si m ulation are dcsigiicd to inatch those of t h e
hardwar e fitters spe ci li eth in Suhscct ion I IA  ai~ l Appendi x A. ilie f i l t e r  model included 1)0th
preemph asis and envelope shaping to match thc hardware filters. [hese I ~ filters were typically
saiiipled every 10 milliseconds. This filter simulati on accounts for appiosim ate ly 60 percent flf
real time when data are collected at an ~0—mic rosecond sample rate.

[he output of the filter simulator is t h en preprocessed . an d t he out put  of t he preprocessor

is sent to t he ~)80B host memory. I lie preprocessing is the same as that described in Appendix
A.

C. VOICING DECISION FROM THE AP-120B AUTOCORRELATION
PITCH TRACKER

An estimate of voicing was included in this  speech input  sub system by performing an
autoc orre iati oii  on the input  speech. This consisted of sl idin g a window of speech over previous
speech . Given a frame of speech data consisting of N samples . the last M samples of the frame ,
W r , are used as a sl idin g window f o r  a reverse correlation. The normalized cross-correlation ,
Rr( K ) .  between the sl iding window , W r , anti the M speech samples earlier in t ime starting at the
(M K mj n )tli sample is used for this reverse correlation ; i.e..

[ E X ( M  - m + l ) X ( M  m~~~K + l )j

R~
( K ) =  - 

m l  
-
~~~~~~

—- -
~~~~~~~~ (28)

([E
X 2 M m + l ) ]

[
~~~~~ X2 (M m K + l ] )

(K~~ ~ K 
< 
~~~

The maximum value of the R r (K )s is then  selected as the voicing indicator .  An lR r (K 
~max I less

than about 0.6 i ndicates an unvoiced frame , while  an IR r (K ) rna~ approaching I indicates a
strongly voiced frame. The value of K for the Rr (K) nia~ 

was not used , al though it corresponds
to the value of the pitch period in samples. Typical values used in these calculations are:

M = 375 (375 sailipl es at 80 microsec onds 30 mill iseconds )

N = 1 2 5 ( 1 2 5  samples at 80 microse conds = 10 milliseconds)

~~~ 25 (25 samples at 80 micr oseconds = 2 mill ise conds )

K~1~5 250 (250 samples at 80 iii icr o sec ond s = 20 m illiseconds )
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SECTION VI
EXPERIMENTAL RESULTS

A. SPEAKER~hNDEPENDENT DIGIT RECOGNITION

I .  I)ata Sets

A w i de va r iety of digit—rec ognition testing was done usimig two types of data sets. The most
heavily used data set was the total-voice ev a lua t  iOfl data set Th is test data set was part  of a data
base collected in a sound 1)00th over a 3-month perio d at Tex as Inst ruments. The test data set
Wa s ex t rac ted  Ironi arou nd the iIl i(ldl e of this 3—mii ont h l)er i(~ l , to avoid the in i t ia l  microphone
fright ot the subjects . and cons iste( l of One repet ition ol one of I 0 pO SsiI ) le sets of I 0 six—digit
sequences ut tered b y 106 sub lect s (64 males . 42 f em ales).  [lie actual  sequences used in this data
collection are show n in Table I 7 . The test data were digi t i z ed , edited , amid preprocessed dur imii i
the total voice contract to ensure th e Precise r cpl i ca hi l i ty  of the test data.  However , si nce th esL
“te st” data were used for m u l t ip l e  exper iments  to evaluate t h e  effect of para meter variations , the
val idi ty  of ’ the absolute recognit ion results is not assured. In addit ion , the data were also
idealized b y edi t ing ,  which avoids spurious false recog n it ion of background noises as true data.
For these reasons , fur ther  exper iments  were per formed on a second data  base.

The second data base used is a subset of a large digit-recognitio n data base current ly bei ng
collected in the speech community. Ihe data being collected use sequences devised by Mart in
and Herscher , modified to inc lude  both the  “01) ” and t h e  “zero” pronunciations of the digit
zero. The texts being used in these data collections are shown in Table 18. All the  mult iple-digit
seq uen ces are su pposed to be said in a con t inuous  m anner , a l though not all subjects always
comp l ied.

2. Digit-Recognitio n Results for Six-Digit Sequences

A total of 29 evaluat ion runs were made on the 1 ,060 six-digit sequences from the total
voice evaluation data set. The overall d igit recognition rates and condit ions for all runs are given
in Table 19 . Even though no syntact ic  constraints (except length )  were applied dur ing  the digit
recognition. the total voice evaluat ion data set used was compati b le  w ith the  design data since
the following digit pairs , all  nasal-to-vowel glide or semivowel (or vice versa) t ransi t ions , were
disallowed in both data sets:

0 I I 8 2 9 3 9 4 9 9 - 1

0 8  2 1  3 1  4 1  7 1  9 8
0 9  2 8  3 8  4 8  7 - 8

The first of these evaluation runs (no . 45) . was the syntact ical ly unconstrained digit
recognition t’or the final evaluat ion for t i le  total voice study. A detailed description of the
thresholds and parameters for the evaluation runs is given in the total voice final report. The
values of most of these parameters remained unchanged duri ng this  current stud y .  except as
noted in this sect ion. These parameters are listed be low along wi th the  values used for run no.
45:
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TABLE 17 . THE 10 SETS OF 10 SIX-DIGIT
SEQUENCES USED IN TESTING

057342 07 23 5 % 027683 068513 061934
1 24063 i4 5867 1 76840 165327 159034
273069 237945 243057 261754 253760
358206 361907 36 1745 346810 368405
45 1 960 458973 468 1 53 457063 43075 2
546207 5 10264 510426 520463 517943
6 12703 61 32 7() 675904 654372 675823
720364 7 2 4 S l 3  7243 51 759403 794302
869512 879045 879630 853706 85 2734
945703 9465 13 9327 5() 942607 926034

035 162 026954 047658 057423 026873
152374 162573 162735 142760 132057
206457 265903 269305 234768 234687
347620 3675 14 345 172 345687 345768
453076 463275 423579 403685 40325 1
540276 570369 516890 576804 547602
658793 694583 694230 619473 65 1 942
759403 758946 740258 750619 790234

85 1762 869350 861023 851924 879630

974581 951672 968027 968450 95817P

Reference-point b eat io ii parameters

Peak-to-valley rat io (PVR)  = 1.10

Maximum valley point error (M a\  VPE) 615
OPTSEQ (valley point sequencing p arameters)

dt l imi ts  (( It . . d t  - ) . .mj\ “~~ ~ see Table I I  of total voice final report
Expected (It (d l)

M i n i m u m  expected (It (used to determine dt* for the denominator  in the
poi n t -pa i r  error ca lcula t ion:

dt * = m a x  (d t , dt mj n ) = 4

l ime  devi at  ion weight  iiig (
~~) = 2

f loor of valley point  error (OFFSET) = 100
Hypothesized digit  parameters

M i n i i i i u i n  ab solute  average energy across recognition pattern (EN ~~1~~) = 150

Weighting of sequence error (SO ) contribution to total normalized el-ror for
digit k (w k I = 0.1
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TABLE 18. MARTIN-HERSCHER DIGIT TEXTS

Isolated Digits

9 6 2 4 1 7 ZERO 3 5 8 OH
9 6 2 4 1 7 ZERO 3 5 8 OH

Five.Digit Codes
(Pronounce “0” as ZERO.)

08175 10260 55806
67438 44953 32146
2909 1 60733 68630
91625 81754 79241

(Pronounce “0” as OH.)

08175 10260 55806
2909 1 60733 68630

Three-Dig it Codes
(Pronounce “0” as ZERO.)

(1) 525 ( i i )  990 (21) 631 (31) 005 (41) 033
(2 ) 759 (12) 583 (22) 349 (32) 140 (42 ) 477
(3) 101 ( 13) 171 (23) 565 (33) 819 (43) 680
(4) 626 (14) 098 (24) 113 (34) 974 (44) 306
(5) 202 ( I S )  232 (25) 460 (35) 357 (45) 9 15
(6) 727 (16) 670 (26) 892 (36) 2 12 (46) 782
(7) 366 (17) 854 (27) 964 (37) 551 (47) 248
(8) 044 (18) 386 (28) 076 (38) 161 (48) 887
(9) 843 (19) 795 (29) 228 (39) 453 (49) 939

(10) 4 18 (20) 429 (30) 737 (40) 508 (50) 694

(Pronounce “0” as OH.)

101 990 460 005 033
202 098 076 140 680
044 670 508 306

Normali zers to  account for expected reco gnition error for digit k
(TEk )—values given later in this section.

~1, ixm u ii u m allowable total normalized error for digit k (NE k ):

0 I 2 3 4 5 6 7 8 9

I 2 ~ 97 123 110 116 1 13 110 109 107 1 14
‘ft. ’
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TABLE 19. SYNOPSIS OF EVALUATION RESULTS

Percent
Correct

Run No. Recognition Remark s (Changes From Previous Runs)

45 90.5 Baseline (TVBISS final parameters):
Mult ip le refere nce patterns; minimum energy = 150;
0.1 percent N E thresholds : PVR = 1.1; maximum
valley point error = 615: sequence length unconstrained.

46 90.0 Same as run no. 45 except new tree.searchin g subroutine (DECIDE)
use d with minimum separation = 3 centiseconds ; maximum separati on
= 50 ceo ti second s.

47 %(~-4 Same a . run  no. 4( except sequence length constrained to 6.

48 89.9 Same a~ run  no. 47 ex cep t maximum separation = 120 centiseconds
and minimum energy = minimum 1150 0.1 (maximum energy of
all h ypo the~iied digits) ] -

49 90.0 Same as run no. 48 except PVR 1.05 (for this run only).
50 90.3 Same as run no. 48 except point-pair error between reference points

I and 3 added.
51 89.3 Same as run no . 50 except minimum energy = minimum [150 , 0.2

(maximum energy of all h ypothesi zed digits) ].
52 91.8 Same as run no. SO except total normalized error (NE) for 3 re ference-

point wor ds multip lied by 0.9 (longer words are , in general , more
reliabl y recognized).

53 9 1.9 Same as run no. 52 except minimum energy = minimum 1150 , 0.15
(maxi mum energy of all h ypothesize d digits) ] .

54 92.3 Same as run no. 53 except sequence length unconstrained (for this
run only).

55 93.8 Same as run no . 53 except 3-bit quantized T-function added to
scanning patterns and maximum valley.point error = 860.

56 93.3 Same as run no. 55 except OFFSET in SQ eliminated (for this
run onl y).

57 94.1 Same as ru n no. 55 except SQ thresholds = 2,000/ I ,000.
58 94.1 Same as run no. 55 except maximum valley-point error = 700 and

SQ thresholds (800 , 330. 860, 400, 340, 400, 820, 700, 420 , 430)
for digits 0 throug h 9, resp ectively.

59 93.5 Same as run no. 58 except di fference data in scanning patterns eliminated.

60 93.4 Same as run no. 59 except middle column of scanning patterns eliminated.
61 94.1 Same as run no. 58 except with minor bug in subroutine DECIDE

corrected.
62 94.2 Same as run no. 61 except with minor adjustments to the TE

normalizing constan ts to account for TE change s due to T-function
inclusio n.

63 94.1 Same as run no. 61 except with minor changes to the quantization levels
for T-function (for this run onl y).

64 91.9 Same as run no. 62 except T .funct ion quantized to 16 levels maximum
va lley .point error = 1 , 100; PVR = 1 .05; SQ thresholds = 2 ,000/ 1 ,000.
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TABLE 19. SYNOPSIS OF EVALUATION RESULTS (Continued )

Percent
Correct

Run No. Recognition Remarks (Changes Fro m Previous Runs)

65 (44 • () Sant e as un no . 62 except TE normalizers modih ed to account for
con lus ion- matr ix  entries Ir on s run flo . 62.

66 ,67 95. 1

68 95.2

69 95 :~ Same as r u n  no . 62 except  TE normal izers  wodilied to account for
confusion-matrix entries t ro m previous run .

70-72 95.2

73 95 _ s

The following addi t ional  parameters were int r o du c et l  for the syntact ical ly unconstrain ed
di git sequence recognition algori thm added ( lur ing the current contract.

Min imum (3-centisecond) and maxim u m (120 centisecond ) interdigit times (times
between first reference point of one word and last reference point ot’ previous
word )

Min imum acceptable ratio of average recognition pattern energ y for each word to
maximum average recognition pattern energy for all words = 0.1 5.

Note from table 19 that poorer results were obtained in exper iments  that eliminated ei ther the
floor (OFFSET ) to the valley-point error (run no. 56) or the difference data from the scanning
pattern s (run no. 59).

The digit recognition results for each digit  t’or selected evaluation results are shown in
Table 20. The evaluat ion run results shown are only those exhibi t ing  significant improvements
over previous runs. These improvements occurred for run no. 52 because the total normalized
error was lowered for three re ference-point words , t’or run no. 55 because the T-function (see
Section I 1l.B for def ini t ion)  quant ized to 3 bits was included in the scanning patterns , an d for
run no. 73 because the normalizers for the recognition error were modified. (Note from Table 19
that  quan t i z ing  the T-function to 4 bits in run no. 64 degraded performance.)

The chan ge ma d e for run no . 52 that lowered the total normalized error for longer words
was a heuristic justified only by the fact tha t  longer word s (those with  more reference points)
are less l ikely to he spurious hypotheses. This same philosophy was used in the speaker-
de pendent  recognition. These heuristic nor m al iza t ion constants (HNCs) used were as follows:

No. of reference points 2 3 4 5 6 7
HNC 1 .00 0.90 0.81 0.73 0.66 0.59
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TABLE 20. I) lGlT REC OGNITION RESULTS FOR
SELECTED EVALUATION RUNS

Evaluation Run Numb er

~P~!!! ~~ ~~ ~~~ _~ - _5_~ -
~~~~~

0 91.9 91 .9 94. 3 94.8 95.4 95.4
I 92.6 94.0 92. 9 95.2 93.1 92.4
2 76.7 78.1 88. 3 92.7 92.7 94. 1
3 89.4 89.3 86.7 89.3 89.2 9 1.9
4 88.6 88.6 88.2 89 .7 90.2 97.2
5 ~)8.5 96.2 96.1 97.6 98.1 95.9
6 95.8 95.2 97.8 98.3 98.3 98.0
7 83.7 84.4 89.9 93.8 94.4 98.0
8 97.5 96.8 93.3 97.3 98.5 93.8
9 89.8 89 .1 88.0 89.3 9 1.2 93.7

Overall 90.5 90.3 91.8 93.8 94.2 95.3

The inclusion of the T-fun ction in t h e  scanning pattern was prompted by vowel/nasal
re ference points being moved into the nas a l rather than  being at the phoneme boundary. This
was pri marily caused by the inclusion of reference patterns to accommodate nasalized vowels.
Oftentimes , even words having non-nasalized vowel-to-nasal transit ions Produced lower valley-
point errors iiiatching a portion of the na saIiz~d vowel-to-nasal reference pattern. Since the desire
was to favor choosing re ference-point candidates at the locations of T-function peaks in the
inpu t , such a bias could he provided by i n c l u d i n g  an inversely quantized value of the T-function
in convenient ly  unused 4-hit fields in t h e  scanning pattern for the input  (Figure 36). Since the
corresponding 4-hit t i ekis of the r efer etwe scanning patterns were zero, the inverse quantization
of the 1-function meant that  the larger T- function values (lower inversely quantized values) that
usually occur at phoneme boundr ie s wot ml d produce lower scanning errors relative to those
produced when the spectral or energ~ change was not so great dur ing more nearly steady-state
portions of the word. The q u a m i t i t a t i o n  th res h olds given in Table 21 were derived from a
cumula t ive  d is t r i b ut ion  1)101 of F- tumi d  ion values at the selected reference points in the digit
recognition design data and at + I ;mi ~d 2 i n c  saniple ’~ around those points.

In addi t ion to the  i m n p r ~ s . d  te ci gmi it ion per lorma n c e shown tor run  no. 55 in Table 20.
the benefit of inc lud ing  the 1 - l u n c t i o n  is the  s cann ing  pattern can also be seen by the decrease
in the  average recognit ion p a t t e r n  err om - in d icat ing improved ti m e registration of the input
speech. This decrease is shown in l ah le  22

The third performance improvemen t  was pr ompte d by the confusion matr ix for evaluation
run no. 62 (Table 23) . Four qu i t e  large n o n s ym n m e t r i c a l  subs t i tu t ions  are shown in the off—
diagonal entries of the  confusion m a t r i x .  Since the digits are selected that  minimiz e the
m i n i m u m  total  normalized error across the sequence , adju s tmen t  of the relative errors among
digits wil l  a ffect ti le d i s t r ibu t ion  of s ub s t i t u t i o n s  in the confusion mat r ix .  The mechanism for
per tor m n im ig th is  a( lju s tmen t  can he seen from t h e  following equation for the total normalized
error for  the digit k :

82

I. -

_ .  
~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ -— —-s- - .— . — —

~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
- - 

-

-- 
-~



6 tI

-
~~~~~~~~~~~~~

-
~~
--

~~~~
- 

~~~~~~~~~

NPP

l E t I no of column in digit k ~ W k
N E~ = HN C~ ~~ n om ni a l i i i n g  con stan t J + 

~~~ 
PPE (29)

where HNC is the heurist ic n orn ia l i i ing  constant . Ti: is the recognition pattern error , NPP is the
number  of r ete ren ce -p oint pa i rs . PPE is the point-pair error between two re ference points., and w
is a weighting constant for the sum of the PPEs.

The TE~ normal iz ing  constants  are calcu lated from t h e expected values of TEk as foll ows :

[Ek /no. columns in k
iL
~ 

norn ialiiing constant = 
~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ (30
•j-
~ ~~~~

(TL 1/no. colum ns in i)

Five sets of values for these normalizin g constants are given in Table 24 , derived fro m five
different sources:

( I )  Ee + E 5 + Ea from Table 20 of t h e  Speaker Verification Ill report
(2) Values of J~ for the number of reference patterns chosen in the total voice study

for each digit

( 3)  Val ues of TE for each of the digit s in correct sequences in the 6-digit sequence
evaluation data set for run no. 33

(4) Same as source 3 , for run no. 57 , which includes the T-function in the scannin g
patterns

(5)  Values derived from incrementally changing the values from source 4 during run nos.
62 through 73.

Although the normalizin g constants derived from source 5 will certainly give somewhat
biased results si nce they are tuned to the evaluation set , it should be re membered that the test
set is reasonably large (106 speakers). An indepe ndent test on the second set of data described in
Subsection Vl .A. l showed that , while not achieving the 19-percent reduction in error rate on the
six-digit sequences between run nos. 62 and 73, a 6-percent reduction in error rate was achieved
using the normalizing constants from source 5 from that achieved using those from source 3.

The confusion matrix for the final evaluation run on this study (no. 73) is shown in Table
25.

One final observation made on the results of the evaluation ru n s was the usual problem of
poorer performance for females than for males , as shown both by the overall reco gnition results
in Table 26 and by the histogram of digit recognition performance (table 27), both from
eval uation run no. 73.

3. Digit-Recognition Results for Three-Digit Sequences

Although the data used for the testing reported in the last subsection were from a large
number of subjects of different ages , races. dialects , and educatio nal backgrounds . the m ultiple

,1
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TABLE 21. T-FIJNCTION QUANTIZATION THRESHOLDS

Quantized Value Range of T-Function

0 2 l4 - -~~~
163- 213

2 128 —1 62
3 10 1 - 12 7
4 79— 100
S 60--78
6 40—59
7 0—39

TABLE 22. DECREASE IN AVERAGE RECOGNITION PA1TERN
ERROR BY INCLUDING T-FUNCTION IN SCANNING PA11’ERN S

AVERAGE RECOG NITION PATr ERN ERRO R

Run No. 45 Run No. 57
Digit (No T-Function) (3-Bit T-Funct ion )

0 359.8 354.0
440.4 409.5

2 316 .9 311 .3
3 294.3 289.0
4 221.5 218.8
5 431.4 424.9
6 283.3 275.2
7 423.4 415.4
8 287.3 288.3
9 444.7 435.3

TABLE 23. CONFUSION MATRIX FOR DIGIT RECOGNITION
FOR 6-DIGIT SEQUENCES FOR RUN NO. 62

Recognized

0 1 2 3 4 5 6 7 8 9 X

0 660 8 1 t O I 2 3 -- -- — 1 3
4 403 1 12 6 3 -—— 1 2 2

2 2 I 581 2 1 1 — 3 - - - — --

3 8 1 21 657 4 — --— — —  ~~
4 1 13 - - -- - - 4 644 ~:
5 I 3 I 1 2 779 — — — — I — —— -  S

6 2 - - 4 — -- — -  752 --— 5 — — —

7 3 7 2 2 — — — 4 -- - -  719 ~~~ I -- — —

8 - - - - - - - - - 3 I 2 398 — — - --

9 2 9 I 12 I 2 — 11 402

X - - - - I - I  2
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TABLE 24 . RECOGNITION ERROR (TE ) NORM ALIZING CONSTANTS

Digit Source 1 Source 2 Source 3 Sour ce 4 Source 5

O 1 .039 1.022 0.998 1.005 1.020
1.170 1 .089 1.225 1.163 1.150

2 0.708 0.837 0.878 0.884 0.890
3 1 .085 1.0 16 1 .02 1 1 .026 1 .020
4 0.853 0.719 0.68 1 0.691 0.738
5 1.182 1.292 1.195 1.207 1.010
6 0.705 0.870 0.788 0.782 0.730
7 1.052 0.945 0.977 0.983 1.170
8 1.007 1.133 1 .008 1 .024 0.860
9 1 .200 1.076 1 .229 1.236 1.330

TABLE 25. CONFUSION MATRIX FOR DIGIT RECOGNITION
FOR 6-DIGIT SEQUENCES FOR RUN NO. 73

Recognized

0 I 2 3 4 5 6 7 8 9 X

0 657 4 1 I l  2 1 3 1 -- - - -- 3
4 401 — — — I l  12 — — —  — - - 1 — — —  4

2 2 1 589 2 1 I - - -— 2 2 7
3 I I  1 23 678 8 - - — - - I 14
4 — — — 9 — - -— 1 691 9 - - - -- I
5 - - - - 3 - - — - -  — — —- 8 763 - - —-  - - - - — — -  I 2 1
6 2 — - —  1 7 2 — —— 749 1 1 - - -

7 2 2 1 I I I — — — 741 4
8 -- -- — I - - -  4 2 7 6 380 1 4
9 5 4 1 10 —-- — I - - - - -- - - 5 413 2
X --- -- I 1 I -- - --- — - -- 2

TABLE 26. DIGIT-RECOGNITION PERFORMANCE
OF MALES AND FEMALES

Percent Correct Recognition

Digit Males Females

0 97.8 91.6
92.8 91.8

2 94.4 93.6
3 94.0 88.2
4 99.8 93. 1
5 97.0 94.1
6 99.1 96.7
7 99.2 96.1
8 94.9 92.4
9 95.5 91.4

Average 96.7 93.1

86

_ _ _ _  
. :- 

_ _ _ _ _ _



fr ; -i_--’~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~-.‘ . 
. 

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ~~~~~~~~~~~~~~~~~~~~~~~~~~~ —-,-..
.. -.- --—.- -—-. —--—-, -— — - -

TABLE 27. HISTOG RA M OF DIGIT-RECOGNITION PERFORMANCE

No. of Percent Number of Number of Number of
Errors Correct Subjects Males Femaks

0 lOU 22 19 3
I 98 20 14 6
2 97 2 1 I 3  8
3 95 I I  6 5
4 93 I I  7 4
5 92 4 1 3
6 90 5 0 5
7 88 4 2 2
8 87 3 I 2
9 85 0 0 0

10 83 3 0 3
I I  82 0 0 0
12 80 0 0 0
I3 78 I I 0
14 77 0 0 0
15 75 I 0 I

~‘l6 <75 0 0 0

evaluations us ing  these same data made a further ind ependent test mandatory. Results in this
section use the three-di git  sequences of the second data base. excludin g those with  the “oh”
pronunciations. Results in the next subsection are for the digits said in isolation from the same
data base.

Note that , for these 50 sequences, all digits appear an equal number of times and in all
contexts of preceding and following digits. Since the original application of the work done in the
total voice s tudy was for syntactically constrained sequences , not all digit pairs were used in the
design data , as described in the previous subsection. Hence , the recognition performance is
expected to be poorer for digits involve d in these transitions. This poorer performance does not ,
however , reflect on the m-nethod developed for choosing reference patterns , but only on the
inadequacy of the design data for unconstrained digit recognition.

The data used in these tests were collected in sound booths or sound -treated rooms at two
locations: Texas Instruments  (Dallas, Texas) and the Ins t i tu te  for Advanced Study of the
Communication Process (Gainesville , Florida).

Since the poore r performance of females has been demonstrated in the previous subsection
(as well as in all other word-recognition studies that have been done , to the best of the author ’s
knowledge), experiments were performed for male subjects only, 1 2 from Dallas and I I  from
Gainesville. The recognition performance is shown as the far right column in the confusion
matrix in Table 28. The overall percent correct is 94.0.

It has been noted in these studies that the confusion matr ix  can be quite speaker-
dependent. Since , in the 3-di git seqimence data base , there were more digits ( 150 vers tms 60) and
fewer subjects (23 versus 106), the confusion matr ix  entries are more susceptible to high
substitution rates by particular speakers. For example,  23 of the 48 3-for-2 substitutions shown
in Table 28 were cau sed by two speakers. However , the two digits with the greatest reduction in
recognition rate (2 and 8) from that given in Table 26 for males are two of the four digits
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TABLE 28. CONFUSION MATRIX FOR DIGIT RECOGNITION
FOR 3-DIGIT SEQUENCES CONSTRAINED IN LENGTH . -

Recognized Percent
0 I 2 3 4 5 6 7 8 9 X Correct

0 340 I -  ~ 3 98.8
I I 331 .2 3  - - 8  95.9
2 7 I 287 48 - - -  I I 83.2
3 3 3 5 327 - - - - - I 6 94.8
4 1 5 I 330 6 - -- - - - - - I 95.9

~~~5 - - - 341 - - I 3 98.8
6 14 I I I - 323 3 I - - - --  - - —  94.0
7 - I I I  34 1 I — — - -  98.8
8 2 I 29 I S 2 294 10 1 85.2
9 - I I - - - - - I - - - 6 326 1 94.5
x I I - - - -- - 2 - -

having reference points located at the word boundaries. Hence , if the reference scanning patterns
used for locatin g the se points do not ex plicitly account for all allowable contexts , then these
reference points may he missed during scanning because of the lack of a significantly deep valley
in the scanning error (distance to the reference scanning pattern).  In such a case , even though
the time-normalized recognition pattern is much less affected by context , this digit would not
even be hypothesized because of the missing reference point.

Since the percent correct achieved for the 3-digit connected digits was 94.0 using reference
patterns that did not account for all transitions , it is reasonable to assumme that the 96.7-percent
correct achieved for males in the 6-digit sequences was minimal ly ,  if any at all , caused by tuning
to the test set during the parameter evaluations (lone Ofl the 6-digit sequence test set. It appears
reasonable that such a recognition rate could be achieved on the unconstrained digit recognition
if the reference scanning pattern set were expanded to include patterns to account for these
transitions. Such patterns could he generated with an expanded design set using the clustering
techniques developed in these studies.

4. Digit Recognition Results for Isolated Digits

A very limited experiment was r u mn to test the digit recognition on isolated digits. The test
involved two samples of each of the 1 0 digits said in isolation from the same 23 speakers used in
the 3-digit sequence test. In view of the recognition rates achieved on continuous speech , the
recognition rate of the isolated digits was a surprisingly low 95.4 percent , with over one-third of
the errors being caused by 3-for-2 and 5-for-4 substitimtions. More expected would be results such
as that achieved by Martin 2 , whose error rate was approximately halved between his test 1-2
(Philadelphia -connected digits) and his test T-3 (Philadelphia—isolated digits).

One possible explanation for the higher-than-expected isolated digit error rate is that the
patterns contained in the reference set to account for contextual  variations are generating
spurious hypotheses during isolated word recognition.

The specific confusion matr ix for the isolated digits is given in Table 29 .
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TABLE 29. CONFUSION MATRIX FOR DIGIT RECOGNITION OF ISOLATED DIGITS

Recognized
Percent

0 1 2 3 4 5 6 7 8 9 Correct

0 45 I - — —-- — 97.8
I 45 -- — — — — I 97. 8
2 —- 42 4 - — - — —-- 9 l .3
3 46 ——. — 100.0

.~!4 .2 40 4 87.0
c n s  46 I00.0

— 6 1 45 97.8
7 44 2 95.7
8 3 43 93.5
9 — —  I - - 2 43 93.5

5. Effec t of Spectral Normalization Technique on
Digit-Recogni t ion Performance

Subsequent to the performance tests described previously in this section , i n vest igatio n of
the high 3-fo r-2 su b st i t u mtio u rate in the 3-digit sequences revea led a mechanism for improving
recognition results and b r  making  them less susceptible to variations in background noise. This
investigatio n revealed tha t  t h e  valley po int error for reference point I for the di git 2 ( i.e., the
silence/p losive t ransi t ion)  had a higher error for the real -time data than for the digitized data.
This was found to be caumscd . at least in part , by di f ler en t  “sil ence ” spectra. The differences were
alleviated to some ex ten t  b y increasing a~~~ in the constam i t o~ ~ used in nor ma l i / . ing  the
regressed f i l t e r  ou t p t m t s  (see discussion in Ap pendix  A ) :

Ui ~ = U p~~A 3 ~ ~ m m  (3 I

where 0post 1 
is the post-regression standard deviat ion .

The specific e ffects Ofl the sp ectrim m of chamiging a ,~~~ 
can be seen Iron ) the  three spectra

shown in Figure 37 for the word two as said by i S .  The increase in the nu mmber  of h y pothe siz ed
digits  and the decrease in the total normalized errors for th e six d ig i t s  in the sequences from
which the spectra in Figure 37 were extracted are shown in Table 30. A fur ther  breakdown in to
the term s that  make imp the total normalized errors is given in 1~ahle 31 . Since these tests were
done directly from the analog tape for each trial , exact ly  repeatable filter outputs  are not
obtained.  However , general t ren d s can be noted from these tables , such as the over 50-percent
drop in the valley point error for reference point I of the digits 5. 2 . and 4, which contain
silence or low energy fr icat i on (/ 17). An addi t ional  l)Oint of interest is the con sis tent ly lower
recognition errors b r  the digit ized data than t’or the analog data.

The expected benefits to he derived f r o m  using a larger ~~~ are twoli id . First , the
normalized spectrumn will tend to he more even for silence or low-energy fricatives , making the
resulting patterns more resistant to variat ions in background miois e . Second . since the reference
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Figure 37. Spectra for Digit “Two ” for Speaker i.S.

90

— - - —

~~~~~ 

-

~~ 
-

- ,4~~~~ r~- - i~~ ~
‘
~

- - .- -
~~~~~~ -- r i - - . . - 

-r~

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
~~~~~~~~~~~~~~~~~~~~~~~~~ 

W~~~~~~~~~~~~~~~ 
-



TABLE 30. TOTAL NORMAL IZED ERROR (NE ) FOR DIGITS
FROM SEQUENCE 852 734 FOR SPEAKER iS .

No of
Hypot hesized Normalized Error

0min Digits K 5 2~ 7~ 3 4

18 49 - 55 55 63(70) 48(54) 59 66
37 58 60 49 49(55) 47(53) 64 57

62 _s2 S4 44 45(5 1 ) 50(56) 52 55
100 5~; SI 41 45(50) 46(52) 58 51

ISO 76 . 1 38 40(45) 48(54) 52 46

200 70 40 39 42(47 ) 45 ( 5 1)  50 45
250 84 38 38 4 1(46) 45 (5 1) 47 45
375 72 40 33 36(4 1 ) 45(50) 43 44
Run No. 53 — S2 47 38 40(45) 44(49) 46 54
(° ,)ljfl = 62)

*Since three reference point  di gits are mul t ip l i ed  by 0.9 , the unadjus ted er rors  are
give n in paren theses.

TABLE 3 1. VALLEY POINT ERRORS , SEQUENCE ERRORS (SQ), AND
RECOGNITION ERRORS (TE ) FOR DIGITS FROM SEQUENCE 852- 734

FOR SPEAKER .l .S.

8 5 2

I 2 SQ TE 1 2 SQ TE 1 2 3 SQ TE

18 389 16 1 2.56 335 385 225 3 12 468 442 330 320 657 4 18
37 346 149 216 395 265 2 18 252 430 308 253 293 474 340
62 338 137 202 358 264 200 214 389 29 1 26 1 268 447 320

100 250 124 152 346 279 167 198 373 255 287 250 404 328
150 324 130 190 331 181 188 158 359 206 244 231 326 297
200 240 105 136 268 214 165 164 368 213 271 231 367 308
250 2 10 I l l  126 260 2 l 8  163 166 362 181 257 273 358 29%
375 212 103 I 2 2  275 191 120 I2 4  318 195 247 220 3 13 2 73
Run No. 53 303 143 190 309 222 2 I 9  200 343 144 261 253 305 308

7 3 4

0mm 1 2 3 SQ TE 1 2 SQ TE I 2 SQ TE

18 280 272 148 353 489 406 352 448 306 376 129 2 I 4  336
37 336 267 153 392 468 420 27 % 404 358 239 129 152 302
62 352 263 220 487 47 1 374 320 388 266 193 114 122 298

100 3 18 255 143 382 462 350 27 1 356 329 202 108 122 278
ISO 300 259 12 5 359 488 3 14 25 1 310 296 181 88 102 251
200 291 247 122  324 464 306 23% 294 290 189 92 108 248
250 238 252 117 289 478 267 222 252 276 179 97 108 244
375 274 239 108 287 475 273 200 230 257 18 1 101 110 231
Run No . 53 322 306 160 4 18 432 307 24 1 284 267 304 I33 182 280
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pa t te rns  tmse d in sp t ’aker-im id epe n dent ( l igit  rec ognition result  from averaging p at terns  from many
speakers . the  re ferenc e 1)atter n s appear more “wa sh ed -otmt. ’’ l ack ing  t h e  sharp cum it ras ts  found in
speaker-specific P at ter n s.  h ence , a I l a t t e r  ~p e ct r i mm n On the  i n p u t  SI)eech result ing from Us ing a
larger 0r n in  would probably result in a b e t t e r  match to speaker-indepe nd ent reference patterns.

This hypothes i s  was tested ims i n ~ a tape  generated at RAI)( ( in the comuput er  room
co n t a im l ing  speech—processing equ ipmen t )  consisting of two re p et i t ions each of two speakers (R.V .
an d J .F .) of the 50 three-dig it sequences given in Table I 8. The reco~in i t ion  resu lts for all four
repet i t ions  are given iii Table 3 2 using I~ )t h a u,,~ ,, ~ t 62 and a o,,,~,, of 250. The recog n ition
result s for the  larger u ,,~ ,, show a small  im up r o ve m ne n t .  A I)erf ~~rma 1c~ ii 1~pr ov emnent  would
correspondingly he expected on the  res ul ts  presented in t h e  l) r eviO l s sub sections since all these
res imlts imsed data PreProcesse d using a ~~~ of 62.

TABLE 32. 0min VARI AT I ON PERFORMANCE TEST

Length Constrained Length Unconstrained

Subject Session a ,~~ 
= 62 0min 250 umin 62 tJmj n 250

J.F. I 96.0 93.3 98.0 95.3
J .F . 2 95.3 97.3 96.7 96.7
R.V. I 89.3 90.0 90.0 92.0
R. V. 2 9 1.3 94.0 92.0 92.0

Overall 92.5 93.7 94.2 94.0

In conc lusiomi , an obse rvation mi~aile concernim ig sequence rec ognitu) n dur ing the testing of
these two subjects should he note d . In an operatiomi al system . where seq imen ces can be repeated ,
the only consequence of rejected sequences ~s a decrease in throughput (assuming a sequence can
finally he accepted if repeated):  therefore , rej ection s should n ot be used in calcu la tmon of t h e
percent correct recognition rate. The percent correct sequence recognition rate is then given b y

n o. of correct seqimences 
________‘ —i correct = - ——

~
-——

~~~~~~~
- - -— 

. -no. ot correct sequences + no. of incorrect sequences

or no. of correct ~ ‘( lLm e fl c es ________
~

- correct = — - -
~~~~~

- - _________ -— — - - -— - _______ -

no. of sequences imttered - no. of rej e cted sequences

In the case where the l engt h is constrained , the  present tree -searching algori thm described
in Section II chooses the best seqim enc e of the specif ied length.  However , t I m e seq u en ce rc~-uu -
n i t i on  results for the l imited testi n g g i ven  in th i s sub section indicate tha t  by mo d i l y i ng  the
algori thm so tha t  the  sequence is accepted only if the length of the best sequence is the  same as
the specified leng th , the sequence recognition rate (as defined above) would improv e as shown
in the I o lbowing table :
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Best Sequence If Best Sequence
No. of Utterances of Length 3 Is of Length 3

Correct 336 330
Rejected 7 25
Incorrect 57 45
Percent correct 85.5 88.0

B. LIMITED VOCABULARY WORD-RECOGNITION EXPERIMENT

Five speakers from the Speech Research Branch at Texas Instruments were tested on the
— limited word-recognition algorithm using an automatic enrollment and a hand enrollment. Each

speaker was recorded onto analog tape while seated in the sound booth. An enrollment session
collected from each speaker consisted of four discrete repetitions of the following words:

Zero Five Minus Hundred

One Six Plus Thousand

Two Seven Point Enter

Three Eight Backup Erase

Four Nine Punch Display
At some time later the same day or the next day, an execution session was collected from each
speaker. The execution session consisted of a set of 20 phrases of three randomly chosen words
and a set of 20 phrases of random lengths (up to seven words) of randomly chosen words. Each
phrase in the execution session was spoken continuousl y. Two of the speakers had two execution
sessions spaced a half day apart.

The speakers were then enrolled off-line using both automatic enrollment and hand
enrollment. The execution sessions were then tested against these enrollments. The results of the
experiment are given by the confusion matrices of Tables 33 and 34. The left of the matrix
shows what was said and the top of the matrix shows what was recognized. An entry in the “X”
column means nothing was recognized (a deletion). The entries in the matrix are the number of
times a word was recognized versus what was said. A compilation of the results for each
inidi vidu al speaker is given in Table 35. One of the speakers (Keith) had two execution sessions,
and his first execution was used for a supervised updating. The second execution session was
used against the updated reference patterns. The results are given in the last column of Table 35.
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TABLE 35. PERCENT CORRECT SPEAKER-DEPENDENT RECOGNITION
RESULTS FOR CONTINUOUS urIERANCES FROM A 21-WORD

VOCABULARY ENROLLED ON ISOLATED WORDS

Automa tic Ifand Updating
!l~ aker Enrollment Enrollment (Hand)

Gene 77 78
Rich ard 73 88
Louise 74 87

- 
George 76 94
Keith 66 80 90
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SECTION VI I

CONCLUSIONS AND RECOMMENDATIONS

The three major areas of research during this  study contract were
1) High-performance , spea k er-independent , connected-digit recog nition for syntactical ly

unconstrained di git sequenc es
(2) ( lustering algor ithm s for  use in t h e  development of sets of reference patterns for

sp eak er—m dep enden f word recognition
(3 )  Automat ic  enrol lm ent  for speaker—dependent , connected—word recognition for syn-

tactically U nconstrained word sequences.
The program cul mi n a ted  in th e ins ta l la t ion  of the speaker-independent , connected-di git recogni-
tio ii program on the BISS-A 1)M speaker verif icat ion system at RADC using the total voice
reference patterns for compat ib i l i ty .  In addition , a long-standing hardwar e failure with the digital
filters on the BISS-A1)M system was corrected , resolving performanc e discrepancies between the
systems at RADC and ‘l’exas Ins t ruments .

As part of the three tasks , several developments resulted that  are generally applicable to
the speech technology used in this  study. The fi rs t of these is a modification to the algorithm
for searching the table of ’ hypothesized words (directed graph) that si gnificantly reduces the
processing time. The second development is a technique (t ransparent  to previous programs) for
including a measure of the spectral t r ans i t ioni t iv i ty  (T - function) in the scanning patterns for the
purpose of ’ improving the t ime reg istration of reference -point locations. The third development is
the capabi l i ty  of dig i t iz ing  and playing back speech data through A/D and D/A connections to
the fa st  arra y processor. This provi des the basis for the fourth development , which is simulation
of ’ the d igi t al  fi l ters in the array processor , allowing parametric variation of the filter-ban k
def in i t ion  and the conseque nt abi l i ty  to perfo rm a variety of tests with data that can be more
precisely replicated using a variety ol’ filter-bank definit io ns.  The new speech channel capability
was also necessary for a fi fth devell .pment . that of using a quantized autocorre lation value out of
an aut ocorrel atio n pitch trac ker previously implemente d on the array processor to produce a
“soft ” voicing decision f’or each f’rame of filtered speech data for eventual incorporation into the
tim e-norn ialited recognition pat tern.  The sixth general developm ent came as a natural extension
to the capabil i t ie s  provid ed by the speech channel and fi lter simulation. This development is the
programming of ’ the preprocessi ng func t i on  in the array processor and subsequent amalgamation
of’ digitizing, f i l ter ing,  and preprocessing in the array processor f’or input t ing  preprocessed speech
data to the word-re c ognition progr ams. This capabi l i ty  reduces the 980B processing time by
about 35 percent , allowing th e word recog nition algorithm that  uses the new directed-graph
searching algori thm to operate suff ic i ent l y I~ist to allow continuo us speech input  without  havi ng
to discont inue sampling a f t e r  the inpu t  of ’ an utteranc e .

The speaker-independ ent , connected-digit recognit ion portion of this study resulted in a
signi ficantly faster algorithm with  a 50-percent decrease in error rate over the course of thi s
study from 90.5 percent correct recogniti on to 95.3 percent on an evaluation data set of ten
6-digi t sequences f’rom l06 speakers (64 m ales , 42 females).

The development of ’ the cluste r ing al gorithm resulted in a two-stage , four-path algorithm
with the me chanisms for detect ing out ly ing  data points in the design data and with subsequent
analysis routines for comp aring the re sults I’rom the various paths and testing the validity of
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resulting CIList er s on the basis of comparisons with a priori information about the design data set.
The results of ’ the analysis of the digit-recognition design data set revealed that , although the
clusters selected during the total voice speaker verification contract generally were good parti-
tions of’ the data , use of partitions resulting from other paths in the more comprehensive
a lgorithm would have resulted in somewhat more compact clusters in terms of minimizing the
sum-of-squared error.

The research into development of an automatic enrollment technique for speaker-
dependent word recognition resulted in a method that yielded very good results for isolated
word recognition but less acceptable results when used in continuous speech from the same
speaker. The better results achieved with comparable hand enrollments point to the desirability
of a semiautomated enrollment procedure allowing the operator the option of modifying
reference-point locations and recognition-pattern format definitions defined by an automated
front end. Independent of the enrollment method , however , the benefit of reference file
updating as a means of accommodating contextual  variability, as well as intersession variability,
became abundant ly  clear.

Throughout all three l)haseS of this study, the general limitation existed of an insufficient
speech data sample rate and spectral resolution of the filter batik , especially in the higher
frequency bands. This limitation must be removed before any further word recognition develop-
ment. In addition , although all recognition features up to this point have been spectral
ampl itudes or direct correlates thereof (regression coefficients and energy), it is time that more
features are used. This , in fact , was the impetus behind the addition of the “soft ” voicing
decision (quantized autocorrelation coefficient) to the spectral parameters derived during
preprocessing.

Care must be taken , however , that none of the new features added are subject to
measurement errors sufficient to actually degrade performance. In addition to not degrading
overall performance , new features must not degrade performance of the poor speakers while
improving the results for the good speakers.

However , new features such as autocorrelation values or forma alues will require
computation capabilities exceeding those of a 16-bit minicomputer. The recommendation for
future word-recognition development is that such research be done with a computing facility that

( I )  is capable of fast arithmetic both for longer word-length integers and for floating-
point numbers

(2 )  Contains a large ( 1/4 to V2 million words) primary storage with virtual memory
capability

(3) Contains an operating system with more programmer-directed features than typically
available on 1 6-bit minicomputers , allowing more of the time now spent on program
development to be spent on speech algorithm development

( 4) (‘ontains a fast array processor capable of performin g the filter simula t ion , line a r
p r e d i c t i v e  coefficient ( LPC) computations , formant tracking, autocorrelation
computation , etc., necessary for the extended feature set that is required for further
recognition performance improvement.
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APPENDIX A

SPEECH PROCESSING

1 l i e  speech processing used in th i s  s t u dy  is h ;tsed on the relat ive spectrum of speech as a
I ’tm nct io n  of t i m e . wh ich  is the o u t p u t  ol ’ a I h —channe l  digital  f i l ter  hank that  has been
preproce ssed as described iii th is  appe n d ix .

1. FILTER BAN K DEFINITION

‘i’he s p c c t r u m  is ob ta ined  b y processing the  speech signal  through a digital fi l ter bank
preceded by a f i r s t -order  di t ’f ’eren c in g  ne twork  ( f ’or preempha sis . The f i l ter  hank consists of I 6
hand pass f i l ters , each fol lowed by a ft i l l -w ave rec t i f ier  and a tour—pole Iowpass Bessel f i l ter  wi th  a
3-d B c u t o f f  at  30 I I .’. Each of ’ the  16 Fi l ters  is sampled IOU t imes  per second. A block diagram
o the  spt ’c t t a l  ana ly s i s  hardw are  is shown in Figure A - I .  Actual  f i l ter  responses appear in Figure
A-2 f ’or the handpass F il ters alone and in Figure A-3 f o r  the handpass fil ters with preemphas is.

F - ) r pr ocessin~’. the  top three f i l t e r s  are sutun i ed  and fi l ter  14 is replaced by this  sum.
Fil ter s  I ~ and 16 are set to zero. [he r e s u l t i n g  14 fi l ter  outpu ts at each t ime sample are
rep resented by:

I

a 1 U~)

a 2~ a 2 ( t ~ ) 
( A — I )

=

a 14 ( t ~)

2. REGRESSION

It has heel) f ’mtnd tha t ,  by e l im ina t i ng  the gross aspects of the spectrum , such as the slope
and curva tu re , more clearly def ’ined f ’o rmant  frequencies are obtained.  Therefore , the spectral
a m p l i t u d e  sector  is re~~’essed by the first three e l emen t s  of an or thonormal  basis set:

(A I)K = A~ Cik F k (A-2)

where

t t k

= k ~O, I , 2~

1 14k
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=

I , [ ( I  - ½) ~= ~ — sin [ 14 irj = 1 , 2 , . . . ,  14}

I I ( i ½
~i2 = COS [-

~~
—— ir

and

— 
CJk 

= ‘~‘ a,fl) flflk
111 = 1

Thus , the regression tends to flatten the spectrum , removing any half-cycle sine or cosine wave
trends of the spectrum at time t j . An example of a spectral waveform having a large positive c 1
is a nasa l , which has one peak near the low end and one near the high end of the spectrum
(around 250 Hz and 2200 Hz) . An example of a spectral waveform with a large positive c2 is a
sibilant , havin g most of it s ener gy above 3000 Hz . Most vowel s, however , have the opposite
spectral tilt because of the glottal source spectral decay with increasing frequency, yielding a
large negative value of c 2 .

3. NORMALIZATION

The regressed amplitude vector is next normalized by a modified postregression standard
deviation , a ’ for time t~:

= 0post~ 
÷ C~ ffl (A ’3)

where

/ 14 2
1 1

= 

~\ 
m = I 

a mj
2 -- 

k = 0

and G min = 62 for this study . However , it has been noticed that regression sometimes eliminates
too much of the variance of the filter output vector A~. To limit the regression , a limit is placed
On as follows :

= max ~~~~~ R~nin G~rej ) (A4)

where

~~~~~~~~~~~~~~~ a~ i _ c ~
)
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and ~~~ 0.6. Note that , when = R 01~ O prej 3 the regression coefficients c1 and c2 are
reduced in order t o decrease the amount  of regression. The resulting normalized amplitud e vector
is:

(A j )N = 
~~

-

~~

- (A j )~ (A-5 )

The regression coefficients c 1 and c2 are also normalized by o~ .

4. QUANTIZATION

The regressed and normalized am pl i tude vector is then quantized to one of eight levels
according to a set of quantizat ion thresholds 

~

( (a~ ,I~ ~ Oiq

(a U )Q q 1FF ) (A 6 )

(a~~ < O i ,q+ 1 for q = 0, I , . .  ., 7

where Oiq < Oi . q+ I = - - oo; and 0i8

Rather than have these quanti zat ion levels (Oiq ) being chosen to yield a unifo rm pro-
bability, however, it  was more desirable to have the quantization thresholds cluster at higher
energy levels. In this way, the sensitivity to noise can be reduced and quantization resolution is
increased in the region of interest ( which is the spectru m amplitude at the formant frequencies).
The actual procedure used to determine the quantization thresholds is described in more detai l in
the total voice verification study final report;’ however, the quantization thresholds used for
each of the 14 filter outputs are shown in Figure A-4 and those used for the two regression
coefficients c1 and c2 are shown below :

0~ Om 02 03 04 05 06 07 08

—~ 3.0 1.5 0 1.5 3.0 4.5 6.0 00

00 7.0 - 5.67 - 4.33 — 3 - - - 1.67 -—0.33 1.0 Qo

5. ENERGY

For each time sample, a measure of’ the energy was also computed. As an aid to
distinguishing vowels f ’rom nasa ls (which usually have most of their energy in a~~) and vowels
from sib i lants (which usually have most of their energy in a14.), these two filters were not used
in computing the energy measure in the f’ollowing expression:

(a1)
2 

~~~~~~ 
a i)2  

- 

(A-7)
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APPENDIX B
SCATTER MATRICES

Inheren t in many cri teria used i i1 clustering is the concept of the scatter of the data ,
numerically represented by scatter matri ces . The within-class scatter matrix measures the distance
of the “n ” sample vectors from the ir mean vectors and is the sum of the scatter matrices for all
“c” classes. The within-class scatter is given by

SW S 1 =
~~~~~~~~ ~~~~ - j :~ç1 ) (

~ 
— j j )T (B-I)

i 1

The between-class scatter matr ix measures the distance of the class mean vectors from the
overall sample mean and is given by

SB n~ (‘R I — ~~) (m ‘~~‘)T (B-2)

The total scatter matrix measures the distance of the samples from the overall mean as given by

S .  =~~~~~~( _ W ö (~~ _ r n )T (B-3)

Note that S1 Sw + S~ , and , therefore, S11 = Swi + S81 and tr ST tr Sw + tr SB.

Anderberg 32 summarizes the four principal criteria that have emerged using scatter
matrices:

( 1)  Minimize tr S~~. This is iden tical to the sum-of-square d error cri terion of Ward.

( 2 )  Minimize the ratio S~ 1/1ST I . This criterion is known as Wilks ’ lambda statistic.
Equivalent criteria are minimizing Sw I or maximizing 1ST l/ISw I or II + Sw ’ SB I .

(3) Maximize largest eigemivalue of Sw ’ SB (attributed to S.N. Roy).

(4) Maximize tr Sw ” SB (Hotelling ’s trace criterion).

The last three of these criteria involve the eigenvaKies of Sw ‘‘ SB that are invariant under
nonsingu lar linear transformations , measuring the ratio of the between-class to within-class scatter
in the direction of the eigenvectors. Duda and Hart ,28 however , note that invariant criterion

- - functions are more likel y to possess multiple local extrema, and are correspondingly more
difficult to extremize .

As noted , the first criterion is simply the sum-of-squared error criterion ,

Jc =~~~
l

J i

—

-
~~ 

. 
~~ W~~~ ING P#GZ NOT FiLMED 

______
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Specifically,

J~ = tr S~, =
~~~~~~~ tr S1 =

~~~~~~~

‘

~~~~

“

~ II~ - - ii~ I l 2 ( B-4 )
I- I 1= 1 xc~~

With some man ipu la t i on ,  this  can he rewr i t ten  as

-‘ = I 

E 
II~ - ~

‘II 2 (B - 5 )

— \ i \ ( k i

Minimization of this criterion is equiv a len t  to maximizing

tr SB = n 1 II i ~ Th 112 ( B-6)

since tr S1 is a const ant.  The term Ir Sm4 can also he manipulated (see Appen dix C) to give

Ii S14 = ‘> ~~~~ n 1 n 1 11Th 1 iii~I I 2  (B— 7)
= 1  ~~ m

Although the criteria givell above differ , the underlying model using scatter matrices is that
of “c” fairly well separated clouds containing roughly equal numbers of points. Duda and
Hart , 28 however , demonstrate ( Figure B-I ) how this  model can lead to poor results,

— 
— ~~ — —

S — — -.../ o ~~~~~ -. /

I 0
0 0 ,6 0 

F 0

I 0 0
0
0 o~~

°
~ ~ ( : 0 0

0
0 00 0

0 0 ~
0 o o~~~~~~~ 

0 ,  
~ 0 0 0 0 0 0 0 1

0 0  ~~~ 0 0 0
0 0 ,

0 / ‘~~0 0 o 
0 0

110 - \ 0~~~ 0 0 ,0 0 . 0~ ~ — ~
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— —  —

(A) (B)
SUM-OF-SQUARED ERROR IS SMALLER FOR (A) THAN FOR (B)

(FROM DUDA AND HAR T28)

Figure B-I. Problem of Splitting Large Clusters
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APPENDIX C
tr S

B ALTERNATE FORM DERIVATION

By de t in it ion ,

tr S~ = n~ h iT 1 lu ll 2 = 
‘

~~~~~~~~ n~ ( liT1 ~jj~)T (j ~ Th) (C-I )

- 
Ex panding,

tr S,1 = 

~, = ,  

n 1 miT~ iii 1 2 
, 

~~~~~~~~ 
+ 

C 

11~~~T~~ (C-2 )

Bu t the sum in th e middle term can he rewritt en as

n~ = ~-~j T = 
~~, (C-3)

yielding

tr SB = n j iiT1Tiii~ - (C-4 )

Multiplying by (2n/2n) and splitting the first term in half with appropriate change in indices gives

tr S8 = (I/2n) 
[n ~~~~ n~fii~ i~ 1 2 n 1m~ + n nj~~~M~

J 
(C- 5)

Expre ssing n as the sum of the fl 1s (or n 1s) and factoring out the summations and n ,n~ yields

C L

tr S
8 

= ( l / 2 n )  n~n~ 2 ~~~~ +Th T~1 (C-6)

‘ = 1  j = f

I l l
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tr S8 ( l / 2 n )  ‘
~:i: ~~~ I n 1n~ Il iñ 1 - ii~ l I 2 (C-7)
i~~~I j~~ l
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APPENDIX D

POST ITERATIVE OPTIMIZATION STATISTICS FOR RECOGNITION PATTERNS
sT A T IS T IC S FOK oIG IT: 0; ~~~ PT: u ;  ‘~ O OF D A T A  ~ iS:  166
‘iI~~AV E A ’~1) t ’~I~~M A X  AI~~LOM CL O STE kINI ~i lb MA PC79

POST ITER A T I V E  )PTIM1 ZAT 1O :~ 10k M IN JP

I”l~
) (‘IF JE (C )— ’JE (C+l )

C ITEWS J E (~~T.((~~)) /JE (C) TX (b )/T~~(~~)

AVE .  M A X  A V E  M A X  A V E  M A X  AV E MAX
I 0 0 69b62.7 b96~ 2,1 0. 148 0.146 0 .O O t )  0. 000
2 75 ,1 59320.9 59345. 1 u .058 u.037 0 .174 0 .174
3. 97 314 55867 .7 57150 .6 .J .034 0.053 0.247 0.219
4 1 21 4  42 53969 .2 5 4 1 38 . 4 u . 0 2 9  0.040 0.291 0.287
5 1 3 1 4  40 52407 .1 5l9~,b . 8 0 .022  o.u37 0.329 0.341
b 1 1 3  50  5 1 24 5, 6 5 0 0 4 5. 1  u ,047 0,019 0.559 0.392
7 161 60 ‘48820.9 49112.9 (1 .012 0.017 0.427 0.418
8 136 52 ‘48248.7 4625~~.7 0.016 V.0~~U 0, 444  0. 444
9 116 41 117489.6 47407 .3 0.027 0.027 0.467 0.413

lu 1 ’2 85 462 23 . 7 46051 .3********a***** 0.507 u . 513
C ( ~~— C ) T W ( ’ 3 ) ( 4 — C ) * D E L J E  t - ’I — C ) * T X ( I ~ )

C / 2~i( C — 1 ) t l ~
(
~~) o f t ’ S  SIb MA /JE (C) / (C—1 )*TW (s )

A V E  M A X  A V E  M A X  A V E  -~1A X A V E MAX
1 0 . 0 0 0  0 .0 0 0  0.0u ’ )  0.000 24.495 24.436 0.000 0.000
2 0.172 0.172 0.543 0.343 9.54? b.u 66 2 8 . 59 1  2 8 . 51 1
3 0.182 0.161 0.372 0.319 5.539 8.~~91 20.124 17.8143(4 0.189 0.187 0.401 0 ,359 ‘.1.669 6 ,498 15.702 15.465
5 0.200 0.206 0,436 0.453 $,5(,M 5.954 14.253 13 .706
b 0 .2 06  0 .227  0,471 0. 490 7 ,570 2.96t) 11 .500 12.544
7 0.239 0.234 0.501 0.496 1.864 2.765 11.31 $ 11 .0$8
8 0.241 0.241 0.524 0.502 2.466 3.115 10 .018 10 .011
9 0.248 0.251 (‘1 .58 3 1,.b41 4.1 85 ‘4 .168 9.163 9.274

10 0,265 0.268 0.609 0.604 ************** 8. 169  8. 6 87

S IA II ST ICS Fuk JIG1 T: 1; .
~~~~~~~ PT: o; ND OF D A T A  PiS: 168

M j~iAV ~ A~ O M I N M A X  A~,tL OM C L U S T E W I ’~1G 16 M A w 7 9
PO ST ITE P~# TI V E J PTJ M I Z A T J O N  Fox M 1 ’ 4  J~

NO OF JE(C)— JE (C+1 )
C 1TE ’~S JE (:1’~~(.s)) /JE (t . ) T~~(b )/T~~(w)

AVE M A X  A V E  M A X  AVE MA X  AV ~ MAX
1 0 0 70679.1 70679 .1 u.13 7 u.1 38 0.000 0 . 000
2 19 33 60969.0 60914 .4 0.064 0.077 .1.159 0.160
3 73 58 57069.9 56197.6 0 . 07 6  0 . 0 63  ‘ 1. 2 36  0 . 2 58
4 86 57 52645 .4 52b55.b u.o 31 0.037 0.343 0.342
5 132 75 50998.3 50683.9 0.035 0.026 0.386 0.395
6 135 7’4 49329.7 49352.1 o .033 0.039 0.433 0.432
7 155 61 47704 .8 47402 .8 0.031 0.023 0.48? 0.491
~ 112 91 46239 .0 L4b291. 0 (.025 0 .028 “).529 0,527
- 132 93 115093.1 44985 ,8 o .o23 u.u 17 0.5e7 () .,1 1

10 166 63 44062.9 4L4201.1*********a **** 0.604 0,599

C (nl —C )T ic(tS ) (N— C )*OELJE . (~~—C) *1l~(a)
C /2~~(C—1 )1F(M) tilL ’s S IOM A /JE(C ) /(C— 1 )*TQ (~i)

A~ E M A X  A V E M A X  A V E  M A X  AV ~ M A X
1 0.000 0.000 0.000 0.000 22. 94 3 2.S.o72 0.000 0.000
2 0 . 157  0.158 0.317 0 .316 10 . 616 12.854 2m,.43$ 2b .b lO
3 0.17b 0.190 0.359 0.5i9 t?.7q2 10.400 19 .b?3 21.259
4 0.2?3 0.223 0.464 0,506 5 .131 6 .141 1~~.72b 18 .712
S 0.234 0.239 0 .495 0.~~20 5,333 4,283 15.726 16.076

• b 0.250 0.250 0.533 0.535 5,338 6.399 14 .022 114.001
7 0 .269 0 .?75  0 .584 0 .560 4 .947  3.116 12 .92 3  13 . 1 7 6
8 0.286 0.287 0.590 0.5b7 3.965 4 .511 12.061 12.042

& 9 0.302 0.304 0.621 0.625 3.633 2.7 73  1 1 . 2 7 7  1 1 . 3 5 1
10 0.316 0.313 0.630 0.674 ************** 10.604 10.516
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S T A T I S T I C S  F0~ J 1 L 1 T  2; ~tF M T :  u ;  N O OF D A T A  M I S :  Ib b
‘IIN AV E A ND M IN M A x  AGG L II M CLuS TE ’~I~~G; lb ~4A x79POST IrE~~A r I v E  3 P T I M I ? A T I O i~ ~OW M j’ .1 JE

NO OF JE (C )—JE(C+ 1 )
C ITE l~s JE (:TW (,~)) /JE (C) TI~(o)/T ~~(M )

AVE  M A X  A VE M A X  A VE M A X  AV E M A X
1 0 0 51525.5 51525.5 0.125 0.124 0.000 0.000

72  48 45108.0 45140.0 0.061 u.060 u.142 0.111 1
3 105 48 42371.1 ‘12424 .6 0.047 u .u3u 0.216 0,2l~4 1 40 50 40377.6 41131.9 0.027 0.049 u.27b 0.253
5 132 82 39269.9 39098.7 0.034 0.033 0 .312 0 .Slcs
6 92 124 37929 ,8 37736.9 o.u25 u.027 0.358 0,364
7 116 121 36991.1 36771 .1 0.u3 1 u .u 3l 0 .393 ~.4O1
8 134 133 358b 1.8 35640.8 0 ,ulS 0.015 tJ .437 O.44b
9 102 113 35323.3 3 5 1 2 2 .3  0.032 0,014 0.459 0,4b7

10 138 83 34 182 .5  34 613 . 7 * * * * * * ** * * * * * *  0. 5v 7  0. 489

C (N— C) TR (t3 ) (N— C)* LIE LJE L 1—C)* i k( 8 )
C /2N (C—1 )T ~~(~~) 81L ’S ~~I t,MA /JE (C) /( C— 1 )* IX (A)

AV E MAX A V E  - M A X  AVE M A X  A VE M A X
1 0 ,000 0. 000 0.000 0.000 2u . 67 5  20 .572 “ .000  0 . 00 0
2 0.140 0.139 0.285 0 .2 8 4  1 (1 .011 9.926 23.474 23 ,341
3 0.158 0 .157 0.328 0.329 7.7 16 (4 .997 17 .716 17.591
‘4 0 .179 0.163 0.363 0.43 7 4.47 2 8.057 15.001 13. 729
5 0.168 0.192 0,385 0,486 5.528 5.42 7 12.64’) 12 .672
6 0.206 0.209 0.1196 0.~~94 3.985 4.311 11 .542 11 . 105
7 0,218 0.223 0.545 0.499 4,885 ‘1 .943 10.47 8 1U.D9 ’4
8 0.236 0.241 0.549 0.532 2.388 2.313 9.921 10 .123
9 0,243 0.247 (i , 5 4 8  0.539 5 .102 2.288 9.059 9.224

10 0.263 0.254 0.608 0.626 ************** 8.851 8.523

STATISTICS FOW UIG IT: 3; ~E F p r : u; i~O tj~ u A F A  M I S :  169
M I N A V E  A N D M I N M A X  A GG LO M CLuST E~~I~~r,; lb ~A ,~79P0~ T IIEx A T IV E  J P T I M I Z A T I O N  FOk t~1N JE

NO OF J~~(C)—JL( C *1)C ITE~ b JE (:TW (~~)) /JE (C) r~~
(,

~) / T ~~(4 )

AVE M A X  A V E  M A X  A VE M A X  A V E  M A X
1 0 0 54075.5 54 0 7 5 . 5  0 .118 0.118 0, 000  0.000
2 70 51 4 7 6 7 3 . 7 4 7698 .1 u.u Sb 0, 056 0 , 1 34  0 ,134
3 98 70 ‘44988 .2 45016.6 v.04? 0.045 o . 2 0 2  0.~~014 113 49 43089.4 43007 .2 0.OSu 0.u ’1 0 o.255 0.257
5 118 67 40949 .0 ‘11245 .5 0.035 0.036 0.321 0 .3 0 9
6 90 68 39523.o 39708 .2 0.017 0.042 0 .368  0 .362
7 76 66 38841.5 3 8 0 4 3 . 4 ti , 035  0.031 0.392 0.421
8 106 58 37565.5 36679 ,2 o ,u20 0.024 0. 439 V . 46b
9 112 82 36810 .8 36009 .3 u, 031 0.021 0.469 0.502

10 127 67 35675 .6 352 b7 . 3* * * * * * * * * * * * * *  0 .5 16 0 .533
C(N—C)TR(8) (N—C )*DELJE (~~— C ) * I x (r i )

C /~~N(C 1 ) TW (V ~) 8TL’S s I GM A  /JE C / ( C— 1 )*TW (~~)

A V E  M A X  A V E  M A X  
— 

A V E  M A X  A V E  M A X
1 0.000 0.000 0.00 (1 0.000 19.889 19 .813 0.0(’0 0.000
2 0.133 0 .132 0.270 0.270 9.407 9.366 22.-~25 22 .328
3 0.14 9 0.148 0.302 0.295 7.006 7.410 1 6.785 lb. 702
4 0.166 0.168 0.365 0.348 8.196 6.567 111 .023 14 .155
5 0.194 0.188 0.392 0.582 5.709 6.304 15.143 12.bski
6 0.213 0.209 0.458 0.435 2.813 6.834 12 .003 11 .795
7 0.219 0.236 0.493 0.490 5.322 4.957 10.590 11 .378
8 0.239 0.254 0.568 0.547 3.234 3.798 10,108 10.725
9 0.250 0.267 0.594 0.550 4.934 3.297 9.380 10 .034

10 0.270 0.279 0.639 0.579 * e ***** * ** ** **  9.112 9.422
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S T A T I S T I C S  F OW j~j L , I I :  4; ~EF P T :  o ; ~O OF U A I A  P~~S: 167
MI’~4AVE ANI) M INMAX At~GLOM CLUS1E~~t~~G; 20MAx79

POST I T E W A T IV E  3PTIMI ZA I IO ~ ~Ox M j t g JE

NO OF JE(C)—J E( C+ 1 )
C h ERS JE ( TW (~~)) /JE. (C) TW (b)ITt~(w)

A V E  M A X  A V E  M A X  A V E  MA X  AV ~ M A X
1 0 0 43604 .4 43604 .4 0 , 12 7  v .127 0.000 0.000
2 9~ 32 3806 1. 0 38075.8 0,054 0.053 0,146 (1.145
3 84 64 35993.5 36052 .4 0 , 04 0  0. 036 0.21- 1 0 .209
4 133 59 34536 . 4 34 7 3 8 .5 0.029 0,o’~u 0.263 0.255
5 12 123 33525. 7 3 3 3 4 0 . 8  u .034 0,039 0.301 0.308
6 113 107 32389 ,8 32054 .9 0.041 0.031 0.346 0.360
7 128 116 31074 .0 31056.6 o .olS 0.025 0.403 0.404
8 141 83 30617 .9 30289.4 u .ulS 0.035 0,424 0,440
9 149 129 30165.9 29229.9 0.034 0 .011 v.445 0.492

10 200 115 29153 .2 28899 .5************** 0.496 0.509

C (N— C)T~~(8) (N—C)*OELJE ((~—C )*Ik (8)
C /2N (C—l )TR (~~) 6TL ’S S IGM A /JE (C) /(C—1 )*TR(~~)

A V ~ MA X  A V E  M A X  A V E  M A X  AVE M A X
1 0.000 0.000 0,000 0.1)00 20. 468 20.413 0.000 0.000
2 0.140 0.139 0.293 0 .295 8.691 8.503 23 .303 23.232
3 0.151 0.150 0.375 o , 3 b 5  6. 437 5 .7 9 5  16.8 10  16 .65 3
4 0 .166  0 . lb l  0 .3 5 3  0 .385  4 .623 b.357 13. 828 13. 442
5 0 . 17 7  0 .161 0, -(4b l 0, 452 5 .320  6 .05 5  11 . 8 00  12 .0 8 3
6 0 ,194 0.202 0,47 3 0.,32 6.337 4.858 10.803 11 .241
7 0.218 0.219 0.541 0.527 2.275 3.829 10.417 10.437
8 0,224 0.232 0.585 0.539 2 .273 5.387 9.331 9.o71
9 0. 230 0 ,253  1.044 0.590 5 .137 1 .730 8.520 9.405

10 0.251 0 .257 0.b45 0,611 ************** 8 .372 8 ,594

ST ATISTICS FOk D IGIT: 5; ~E F  PT: o; ~O 01 D A T A  PiS : 169
M P JAV E A N D M I N MA X  A bf’,LO M CL Lj ~~FE~~1tg G ; 2 0MAW79

POST IT E R A T I V E  O M T I M I ZA T I O N  Fox M1~ J E
OF JE (C)— Jt (C+1)

C 1TEWS JE (:TN(M )) fJE(C) Tx(DJ /TR (~~)

A V E  M A X  A V E  M A X  AVE M A X  AVE M A X
1 0 0 87861.3 87861.3 0.164 0.164 0.000 0.000
2 15 19 73448 .7 73443, 4 v .04 1  0. 053 0.196 o,19b
3 52 56 70442.7 b 9540, 9 0.050 0.047 0.247 0.263
11 85 45 66955.3 b6296.3 0.045 o.u32 0.312 0.325
5 108 46 63947 .1 64185 .0 0,028 0 .026  O.37~ 0.369
6 127 43 62144 .9 62522 ,0 Q,o25 v .029 0.414 0.405
7 126 59 60578,4 6 0 7 14 .5 0.034 0.025 0.450 0.447
8 150 68 58523 .0 59195 ,0 0.024 u .030 0.501 0.484
9 167 75 57107.8 57430.3 u.u21 0 .023 u ,539 0 .530

10 178 84 55926 .8 56100.6************** 0.571 0.566

C (rv— C) IW (tJ ) (N— C )-*OELJ E (N— C) *TR(b)
C /21J (C—1 )TR (w ) 8TL’S SI GM A /JE (C) /(C—t )*TW (~4)

AV E M A X  AV E M A X  AV E M A X  A V E  M A X
1 0.000 0.000 0.000 0.000 27.394 27 .404 (1.000 (1.000
2 0.193 0.193 0.390 0.390 6.794 6.820 32 . 5 14  32 .58 8
3 0.181 0.193 0.335 0,368 8.169 7.899 20.400 21 .734
4 0.202 0.210 0.383 0.403 7.368 5.223 17.0~ 9 17.782
5 0.225 0.222 0.114 1 0.414 4.594 4.223 15.239 15.032
6 0,238 0.233 0. 467 0.438 4.u84 4.683 13.408 13 .13 1
7 0.250 0.248 0.509 0.478 5.463 ‘4.030 12 .085 11 .998
8 0.271 0.262 0.540 0 .54 ?  3.869 4 . 7 7 0  11. 459 11.069
9 0.285 0.280 0.561 0.577 3 .288 3 .681 10. 703 10 .531

10 0.297 0.294 0 .611 0 .597 **a *********** 10.024 9 .939

1 1 5
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STAT ISTICS FO x D I G I T :  ~ ; ~E F  P1 : u ;  N O OF u A J A  ~ r s :  1o7
M I~’JA VE A ND M IN M A X  AGGLOM CLU S IEWIN t~ 2 0 M A x 7 9

POST I T E x A T I V E  J~~T I M I 1 A T I O i ~ FOR 814 JE

Nt) OF JE( C )— J ~~(C+1)C ITEWS J E  (:TK(n)) /JE (C) rW (h) / r ~~(~~)

AVE M A X  AVE M A X  A V E  M A X  A V E  ~I A X
1 0 0 58412 .0 58412 .0 (

~.l76 0.176 ~),u (’0 v .000
2 84 47 48111.0 4 4 1 3 8 .5 u.u 5l u.u 1  0.214 u.213
3 84 27 45669.2 45o86.7 0.02! 0.055 0.279 0.279
4 6o 42 44419.0 43177 .7 0.059 v.022 0.31, 0.353
5 88 42 41609 ,1 42246.4 v.u25 0.0Su 0.397 v.383
6 100 47 ‘10753.9 40986,8 v.035 o. v 1 9  0 .4 3 5  0.425
7 133 49 39326.5 £40220.1 0.o17 u.u3b - 0 .405 u.452
8 13u 90 38659.4 38769.0 ~J . u ~~8 v.003 v .511 U.~~0b
9 160 32 3759 4.0 38654 .9 0 . 0 1 6  v . 02 1 0 .554 0. 511

10 145 60 36996.0 3 7 8 2 b . 5* * * * * * * * * * * * * *  ~ .i79 0 . 5 44

C( i~—C ) T R ( 8 )  ( N— C ) * L ) ~~LJE (~~~ —~~~)* ~~~ i.r (~~~ )

C / 2 9 ( C — 1 ) T R C ~~
) 6T L ’S SI ( MA / J E ( C )  / ( C — 1 ) * ~~~t~~)

A V E  M A X  A V E  M A X  A V E  M A X  A V t .  ~ A X
1 0.000 0.000 0.0 00 0 . 0 0 0  28 .921 28 .O Su 0 . 0 0 0  0. 000
2 0.209 0.208 0.422 0.422 8.273 b . 29o  54 .900 54 .795
3 0.203  0.203 0,430 0.426 4.435 8.897 22.601 22.s61
4 0,202 0.227 0.371 0.518 9 .460 3, 1173 16, 906 18. 935
S 0.23~ 0.229 0.475 0.530 4.03 8 ‘4.771 15.8~~4 l~~.30b6 0.248 0.243 0.519 0.486 5.569 2.943 15 . 779 13 .520
7 0.268 0.249 0.SbS 0.546 2.680 5.652 12. 180 11 .903
8 0.274 0.272 0.572 0.601 4.327 0.543 11. 460 11 . 346
9 0.291 0.269 0.590 0 .601 2.481 3 .543 10 .79$ 9 .9 ,?

10 0 .298  0.281 0,608 0.633 *******~~~**~~~*** 9 .989 9.372

ST A TISTICS F~~R DIGI r: 1; ~EF PT : u; ND uF v A T A  ~1S 16o
M I N A V E  A N D M I N M A X  AG G LO M C L u S TE~~I .~G; 2OMA k 19

POST IT t W A T I ~~E ~P 1 I M 1 Z A T 1 U l 9  F OW M1’~ JF
- 

NJ OF JE (C )— J t. (C + 1 )
C h ERS J E  (~~1x (~~)) /Jt (C ) 1x (~~)/T R(~~)

AV E M A X  AVE 4 A X  AVE M A X  AVE
1 0 0 80124 .8 80124 .8 0.194 0 .193 0.O O u  0. 000
2 81 2 64595.8 646s6.4 u.o bl 0. 084 0 . 2 4 0  0. 239
3 32 17 60652.0 60524.4 v.037 0.030 0.321 0.324
4 71 36 58433 . b 58724 ,v 0.u20 0. 058 v .3 7 1  0. 564
5 60 67 57262 .1 55331.3 0.043 0.029 0.399 0. 448
6 P35 72 54819.4 53704 .3 0.018 v.v29  O, 4o 2 0 .492
7 93 b 2 53809.7 S2lbu.0  0 .042  0. 028 ~i.4ö9 0. 536
$ 106 79 51550.4 50680 .3 o. v 3 3 0. v 12 0. 554 o .so i
9 104 45 49846,8 50085.5 0,021 v.015 0. b O l  v .600

10 98 43 48808.2 49334 .1*****.******** 0 . 64 2  0.b24

C(N C)Tk( E4 ) (i~—C )*0ELJE (J C ) * 1 K (r 4 )
C / 2 N ( C — 1 ) 1 R ( ~~) 8 T L ’ S  S I G 4 A  /JE(C) /(C—1)*1x(.~)

A V E  M A X  A V E  lA X  A V E  M A X  A V E  ~9 A X
1 0.000 0.000 0.000 0.001) 32.172 32.047 v .0 0 0  u. (1oo
2 0.238 0.235 0.475 0,475 10 .0 74 fl,.545 S’~.b bb 3 .474
3 0.235 0. 237 0,456 0.467 5.99M 4 .878  28 .327  ?b.55s
4 0.240 0.236 0.451 0.485 5 .266 9 .4 1 7  20.1b’~ 19 .81)15 0.241 0.270 0.475 0.532 6.911 4.76 3 16 .170 16.148
6 0.265 0.283 0.’,45 0.568 2.965 4 ,630 14 .884 15.041
7 0.272 0.298 0.565 0.659 6.71 6 4.5 59 13 .041 14 .~~~ 7
8 0.300 0.314 0.655 0 .673 5.254 1.8b o 12 .591 13 .197
9 0 .321 0.317 0.727 0.672 3.292 4.370 11 . 991 i1.o~~510 0.353 0. 324 0. 7 17 0 .814 * * * * * * * * * * * * * *  11 .1 93 1U .b’S o
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SIA II ST IC S FO~ U L G I I ~ 8; ‘lE ~ i: u; NC ) OF D A T A  ~~is: Ibcs
M INAV E AND ,.IINMA * AGG LOM CLU ,TERI~~1;; 20~~A~~79P O S T  I E E R A T I V E  j P 1 I’ 1 I 7A j I O F:)~~~ M 1i~~~J~

NJ  Ul• J F ( c ) — J ~ ( C + 1 )
C 1 T E ~~S JE (:Tp (~~)) /Jt.~~L ) ix (b )/ 1 P~(~~)

A Vt MAX AV E MAX A V E MAX AV E M A X
I u V 01486 .2 6146b,2 0 .186 v .Ibb u .000 0,000
2 90 13 51255.8 51286.6 v.v71 u .u71 0.~~0u u .1~~93 135 do 47621 .8 4 7b 5 8 . 7 u . 08u 0.081 0.291 u.2~~O
4 109 50 ‘4378~~.9 4579 9 .9 o .o 31 0.032 0.404 0.404
5 lOu 43 ‘424 26 .b 4 2 4 0 3 . 3  U.u24  v . 0 2 8  ‘). 4 4 9  0,450
6 102 55 41395. 2 ‘4l 1~~5 .1 u .u?9  0.027 u .48 5 0 . 493
7 133 £48 40203.8 40101 .5 u. 03~ 0.u?9 ~j.5d9 0.535
8 123 52 3 9 4 7 ’4 • (1 38916 .9 0.04 1 u, u22 ‘ .556 o.so(e
9 111 0 ‘44 37883 .9 i~10~~4 .1 0.029 0 . 04 3  0 .8 24  0 .810

10 123 So 3 6 7 4 7 .5 3 b4 ;8. 3 * * * * * * ** * * * * * *  1 . 67 3  0 . 6 89

C( ’4—C)T R(8 ) ( N — C ) * L E L J E  (~~— C )*1k(~~)C /2~~(C—i )T x (i~) b 1L’~ S 1 I ,~i A / J E ( C )  /1 L— 1 )* F ,~(M)

AV E M A X  A v E  M A X  A V E  ~A X A Vt M A X
1 0.000 0.000 v .000 0 .0 0 0  27 .78 6 27 .7u3 u.00u o .OuO
2 0.197 0.147 0.394 0.394 11. 769 11. 749 33.133 33.013
3 0.214 0.2111 0.1129 0.429 13 .277 13.353 24.019 23.941
4 0.263 0 . 2b 3  0.52~ 0 .52 8  5.1 (16 ~.d29 22.v92 22.074
5 0.272 6.27 3 0.556 0,s71 5. 9 6 3  4.644 18 .306 18.339
6 0.281 0.285 0.571 0.579 4.662 4.301 1~~.725 15.9597 0.296 0.298 0.657 0.628 2.922 4.746 14 .205 1 4.309
8 0.303 0.316 0.628 0.6b9 6 .527  3. 555 12 . 746  15.254
9 0.332 0.328 0.675 0.743 4.6e8 8.876 12.400 12.230

10 0.352 0 .3 6 0  0.734 0 .8u5 ************** 11.819 12.v92

sTA II ST IC S FOR olbiT: 9; ~E F  PT : 0 NO U~ O A ( A  ~ Ts: 169
M1~~AvE A i~L) ~1 N M 4 x  A G G L O M  CLu~~i 1 - ~~ ; 20 r~4 ’~79

~ f j ~~T I T E I ~A T I v E  j R T 1 M I l A T J U ~ FLI K M I N  Jt-

~i 0 OF J E ( C ) — J t ( C + 1 )
C I T E R S  JE (~~T~~(#)) /~~E ( C)  T R ( b ) / 1~~(~~)

A V E  M A X  A V E  MAX A V E  M A X  A V E  M A X
1 0 0 7592 9 .8 75929 .8 0. 134 0. 134 v .00 1)  0 . 00 ()
2 7 4 15 b 5 73 1 . 1  6 5 7 7 7 .5 v . 06 0  0 . 06 2 ‘) .1~~5 0 .154
3 81 27 81771.8 61677.0 0.053 u.v51 ~.d29 0.431
4 128 46 58517 .1 565,6 .4 0.057 0.057 0 . 29 8  (1.297
S 150 110 55207 .2 55211. 1  0 . 0 4 9  u .u3~ 0 .375 v. 375
6 140 62 52482.7 53535.6 0.026 0.048 0. 44 7 0. 418
7 117 liv 51106.2 5108b .3 o.o2b o.u10 0 .4 0 6  0. 48 b
8 121 58 49760.9 50559 .5 u.u47 u ,u44 I).520 0.502
9 1(1 7 70 47448.2 48322.0 v.022 0,vdS 0 . 60 1  0.571

10 141 7o 46395.2 41105.9************** i.b37 0.612

(N—C )*OELJL -.C)*TF~~U
C /2N( C—1 )TR( ,4 ) 8TL ’~ S 1 ( MA  /JE(C) / (C—1 )*1R (~~)

A V E  M A X  A V E  M A X  AV E M A X  A V P  M A X
1 0.000 0 .0 0 0  0 .000  0 . 0 0 0  22 .565 2d . 4b3  0.000 0.000
2 0.153 0.155 0,3(17 0.307 lu.v59 10, 4 1 1  25.911 25.7 7 5
3 0.169 0 .170 0.345 0.542 6.746 O .399 t9 .uc~5 19 .180
4 0.194 0 .193 0.392 0 . 592 9.333 9.426 16.386 lb .318
~ 0.228 0.228 0.u77 0.458 .093 4.977 ls.390 15.368
6 0 .259  0 .2 4 2  0. 536 0.497 4.275 7.457 1’4 .564 13.83/
7 0 . 27 ?  0.272 0.549 (p .582 4.264 1. 6 7 1  1 5 . 1 15  13. 130
8 0 . 2 86  0 .2 13  0. 6 1 1  0. 597 7 .5 1 1 7  7 . 1 2 5  12 .0 9 6  1 1 . 54 1
9 0 . 3 4 0  0 .3 04  0. 683  v . 6 5 7  3. 4b~~ 4 . 028 1 2 . 019  11.427

10 0.333 0.520 0.721 0.728 * * * * * * * * * * * * * *  11.246 10.810
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